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by
Michael Anthony Riepe

Chair; Karem A. Sakallah

The automated synthesis of mask geometry for VLSI leaf cells, referred to as the cell syn-
thesis problem, is an important component of any structured custom integrated circuit design envi-
ronment. Traditional approaches based on the classic functional cell style of Uehara &
VanCleemput pose this problem as a straightforward one-dimensional graph optimization problem
for which optimal solution methods are known. However, these approaches are only directly appli-
cable to static CMOS circuits and they break down when faced with more exotic logic styles.

There is an increasing need in modern VLSI designs for circuits implemented in high-per-
formance logic families such as Cascode Voltage Switch Logic (CVSL), Pass Transistor Logic
(PTL), and domino CMOS. Circuits implemented in these non-dual ratioed logic families can be
highly irregular with complex geometry sharing and non-trivial routing. Such cells require a rela-
tively unconstrained two-dimensional full-custom layout style which current methods are unable
to synthesize. In this work we define the synthesis of complex two-dimensional digital cells as a
new problem which we call transistor-level micro-placement and routing. To address this problem
we develop a complete end-to-end methodology which is implemented in a prototype tool named
TEMPO. A series of experiments on a new set of benchmark circuits verifies the effectiveness of
our approach.

Our methodology is centered around techniques for the efficient modeling and optimiza-
tion of geometry sharing, and is supported at two different levels. Chains of diffusion-merged tran-
sistors are formed explicitly and their ordering optimized for area and global routing. In addition,
more arbitrary merged structures are supported by allowing electrically compatible adjacent tran-

sistors to overlap during placement. The synthesis flow in TEMPO begins with a static transistor



chain formation step. These chains are broken at the diffusion breaks and the resulting sub-chains
passed to the placement step. During placement, an ordering is found for each chain and a location
and orientation is assigned to each sub-chain. Different chain orderings affect the placement by
changing the relative sizes of the sub-chains and their routing contribution. We conclude with a

detailed routing step and an optional compaction step.



TRANSISTOR LEVEL MICRO PLACEMENT AND ROUTING FOR
TWO-DIMENSIONAL DIGITAL VLSI CELL SYNTHESIS

by

Michael Anthony Riepe

A dissertation submitted in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
(Electrical Engineering)
in the University of Michigan
1999

Doctoral Committee:

Professor Karem Sakallah, Chair

Professor Richard Brown

Professor John Hayes

Assistant Professor Marios Papaefthymiou
Professor Rob Rutenbar, Carnegie Mellon University






Two roads diverged in a yellow wood,
And sorry | could not travel both
And be one traveler, long | stood
And looked down one as far as | could

To where it bent in the undergrowth;

Then took the other, as just as fair,

And having perhaps the better claim,
Because it was grassy and wanted weatr;
Though as for that the passing there

Had worn them really about the same,

And both that morning equally lay

In leaves no step had trodden black.
Oh, | kept the first for another day!

Yet knowing how way leads on to way,

| doubted if | should ever come back.

| shall be telling this with a sigh
Somewhere ages and ages hence:
Two roads diverged in a wood, and |—
| took the one less traveled by,

And that has made all the difference.

The Road Not Taken, Robert Frost (1874-1963)
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PREFACE

In this dissertation we define a number of special terms for concepts which are especially
critical to understanding. For clarity, and to allow the reader to locate these definitions when
needed, we will call out these termsimid the first time that they are used. We will also call them
out in places where their meaning may be clarified through example or further explanation. When
we wish to emphasize a point we may call a word or phrase tali¢s.

When describing computational algorithms we make use of a functional pseudo-code for-
mat adapted from the book “Introduction to Algorithms” by Cormen, Leiserson & Rivest [20]. We
wish to minimize any similarity to a particular computer language, and our philosophy was to limit
the number of semantic-free symbols to an absolute minimum as well. An example of a short algo-

rithm (Kruskal’'s Minimum Spanning Tree algorithm) is given below:

MST-KRUSKALG w)
Al
for each vertex vOV[(G
MAKE-SET(v)
sort the edges of E by non-decreasing weight w
for each edge  (u, v) O,Bn order
if FIND-SET( u) #FIND-SET( v)
A~ AO{(u vV}
UNION(u, v)
return A

O©oo~NOUITh, WNPEF

This pseudo-code adopts the following conventions.

1. Algorithms are written in the proportion&lourier font to resemble computer
printouts. Variables, for exampleabove, are marked in italics. Reserved words such
asif andfor are marked in bold. Function names are specified in all capital letters.
Detailed algorithm steps which are more clearly written in proper English sentence

form, for example line #4 above, are written in ordinary un-formatted text.

2. We distinguish the assignment operator from the equality operator by using two



different symbols. The equal sign “=" is used to indicate an equality comparison while
the left-arrow symbol &7 is used to indicate assignment. We freely make use of

standard mathematical operators such as the set membership opérdtor

We eliminate superfluous parentheses whenever possible. They are only used to
indicate cases of ambiguous operator precedence and to mark the operands of function

calls and function definitions.

Indentation is used to indicate block structure. We eliminate all semantic-free symbols
such as “begin” and “end” block delimiters and “do” statementsrin andwhile

loops.

Variables are all assumed to be local to a given procedure. We do not show the
definition or initialization of variables unless necessary. The type of a variable is
assumed to be correct for its use and can be derived from context. By default ordinary
variables are assumed to be initialized to a zero or null value. Data structures such as
the setlv above are assumed to be empty when initialized. Input parameters to functions

are assumed to be passed by value.

The elements of array variables are accessed with the use of the post-fix square bracket
operator ] ". Arrays are assumed to have been initialized with adequate space to hold

any objects assigned to them.

For brevity we often make use of standard functions, such as the set fuNetiths

SET() , FIND-SET() andUNION() above, without defining them. They should be
assumed to perform the expected actions without any side effects. If there is some
ambiguity in the meaning of the name we will describe the action of the function in

explanatory body text which accompanies each algorithm.

vi
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CHAPTER 1

Introduction

1.1 Motivation

The complexity of VLSI circuit designs has been increasing steadily since the planar inte-
grated circuit was invented by Robert Noyce and Jack Kilby in 1959. This growth is especially evi-
dent in the design of high volume circuits such as microprocessors, solid state memories, and
ASICs (Application Specific Integrated Circuits). The Digital Equipment Corporation Alpha
21264 microprocessor, which achieved “full production power-on” in June 1998 [2], features 15.2
million transistors in a 0.36n CMOS process and runs at 500MHz. The next generation Alpha
microprocessor, the 21364, is projected to debut in the year 2000 at 1000+ MHz, with 100 million
transistors (8 million logic transistors, the remainder in RAM) in afrl8&MOS process [2]. In
1965, Gordon Moore first made the observation, now called Moore’s Law, that this growth in per-
formance follows an exponential curve with a doubling of chip complexity approximately every 18
months.

The 1997 edition of the SIA (Semiconductor Industry Association) National Technology
Roadmap for Semiconductors [104] provides a projection of the future rate of growth in all aspects
of semiconductor manufacturing. Some of their estimates are shown below in Table 1. However, it
has been observed that this rate of growth in chip complexity currently exceeds the rate of growth
in designer productivity that results from new developments in design automation. From 1997 to
2012 the data in Table 1 shows a 38% compound annual growth rate (CAGR) in the number of
transistors per chip. According to the SIA roadi’na@esigner productivity has historically
increased at a rate of only 21% CAGR. This gap between design complexity and designer produc-
tivity, which grows at a rate of approximately 18% per year, has in the past been addressed by

increasing the size of design teams. However, this approach is experiencing diminishing returns as

1. [104] page 24.



Table 1: 1997 National Technology Roadmap for Semiconductors

year 1997 1999 2001 2003 2006 2009 2012

# transistors/micro- 11M | 21M | 40M | 76M | 200M| 520M| 1.40B
processor chip

microprocessor 300 | 340 385 | 430| 520 620 750
chip size (mm)

microprocessor 3.7M | 6.2M| 10M | 18M| 39M | 84M | 180M
logic transistors/cth

ASIC 8M 14M | 16M | 24M | 40M | 64M | 100M
logic transistors/cth

“feature size”, 250 | 180 | 150 | 130| 100 70 50
1/2 DRAM pitch (nm)

microprocessor 200 | 140 | 120 | 100| 70 50 35

gate length (nm)

# wiring levels 6 6—7 7 7 7-8 8-9 9

the overhead of coordinating these large design projects becomes apparent. If current trends con-
tinue this productivity gap, shown in Figure 1, presents a looming crisis which has the potential of
increasing the time to market of complex chip designs and driving up design costs. Anecdotal evi-
dence suggests that the effects of this pending crisis are already being felt—the Alpha 21264 was
projected to be in full production in the second half of 1997 [49], one year before it actually began
sampling. The Intel Merced microprocessor is also projected to ship at least 8 months behind its
initial scheduled debut [38]. It seems clear that the Electronic Design Automation (EDA) commu-
nity must redouble its efforts to accelerate the development of new productivity enhancing design
automation technology.

Engineers have traditionally addressed the issue of design complexity in integrated cir-
cuits with a hierarchical divide and conquer approach. The design is hierarchically partitioned into
blocks of decreasing complexity which can be designed, placed, and routed together at one level of
hierarchy and then passed up to a higher level as a fixed unit. Only limited information about each
fixed block is required at higher levels: its size and aspect ratio, the locations of its ports, a model
for its logic and timing behavior, etc.

At the bottom of this hierarchical design process liedahecell layer These leaf cells

(or just “cells’) are circuits of between one and about one hundred transistors, and represent
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Figure 1: A projection of the increasing gap between design complexity and designer pro-
ductivity

objects on the order of individual logic gates and flip-flops. The leaf cells exist for two primary
reasons. The first is that they encapsulate the complexity of detailed transistor-level electrical
design and analysis. While a designer may be required to perform repeated 2D or 3D parasitic
extractions and time-domain transient simulations of a cell under design, the final electrical behav-
ior of the cells can be characterized into higher level macro-models for use at the next level of hier-
archy, reducing the effort required to analyze and verify the correct behavior of the complete
system.

The second reason for the existence of the leaf cell library is that it encapsulates the tran-
sistor geometry into a standard set of dimensions so that they can be placed and routed by higher
level tools in a regular fashion. An example of this is the popular standard-cell design style in
which the cells are designed with a fixed height, but variable width, so that they can be abutted in
long rows without wasting space. In addition, the standard-cell style also typically fixes the loca-
tions of cell I/O ports onto a grid so that the interconnections between cells can be made in a regu-
lar and efficient manner by higher level routing tools.

Clearly, the quality of the cells will have a direct impact on the quality of the final design.
The cells must be designed to be compact and fast, with minimized power and parasitics, and with
careful attention to requirements on the physical appearance of the cells as viewed by the higher-
level placement and routing tools. Automated synthesis techniques have found limited application

at the cell level because existing tools are unable to match the quality of human-designed cells. For



this reason cells are often designed by hand, requiring a significant investment in manpower.

An additional difficulty lies in the fact that the lifetime of a typical cell library may be as
short as one or two years. Compaction techniques [1] may be used to migrate a cell library to a
new process technology if little more than a linear shrink is required, but this is unlikely to extend
the lifetime for more than one or two generations before the loss in performance necessitates a
complete redesign of the library. These problems are only becoming worse as device geometries
shrink into the deep submicron regime.

In order to account for deep submicron effects, ever closer interaction is required between
front-end synthesis tools and back-end placement and routing tools, power and delay optimization
tools, and parasitic extraction tools. The SIA Roadmap states that, among several barriers to pro-
ductivity gains at the system level, there is a requirement for

“System-level modeling tools linked through module generators
and synthesis tools to the final implementation. ...These tools
must use contemporary module generators, behavioral synthesis,
and logic synthesis tools as targets like logic synthesis tools cur-
rently use physical design tools as a tardet.”

In order to enable this interaction, cell libraries must become ever more flexible. Multiple
versions of each cell with different drive strengths are required. It may even be necessary to sup-
port versions of cells in different logic families with different power/delay trade-offs. In addition,
it has been demonstrated that standard-cell placement and routing tools are able to obtain signifi-
cantly higher routing quality if they have the ability to choose from multiple instances of cells with
a wide variety of pin orderings. In one study, over five benchmark circuits, an average reduction in
the number of routing tracks of 10.8% was demonstrated [63].

It seems clear that, as the number of cells in a typical cell library grows from the hundreds
into the thousands, a dramatic increase in designer productivity will be required, necessitating a
move toward more automated cell synthesis techniques. The authors of [63], in fact, advocate a
move completely away from static cell libraries as we know them, toward a system which permits
the automated synthesis of cells on demand. This would permit logic synthesis tools to request
specific logic decompositions, doing away with the traditional technology mapping step; standard-
cell and datapath placement and routing tools to request cells with an exact pin ordering; intercon-

nect optimization tools to request cells with specific input and output impedance values; and power

1. [104] p. 30



optimization tools to request cells, perhaps from one of several different logic families, with a spe-
cific power/delay trade-off. In a first step toward this goal, Lefebvre and Liem [62] have developed
a tree-matching algorithm for the technology mapping phase of logic synthesis which allows arbi-
trary logic functions of bounded complexity to be requested on-demand. The C5M system from
IBM [9], by virtue of its short runtimes, has been described by its authors in the context of on-the-
fly cell synthesis as well.
The complete realization of an on-demand cell synthesis system will require effort on
many fronts:
1. Automated transistor schematic generation: constraint-driven logic family selection,
netlist creation, and transistor sizing.
2. Automated cell geometry synthesis.
Automated cell testing and characterization.

4. Development of enabling logic synthesis, cell placement and routing, and power/delay
optimization technology.

1.2 Problem Definition and Previous Work

In this dissertation we address the second item in the above list: the fully automatic syn-
thesis of library cell mask geometry. In the remainder of this section we develop a definition for
the specific problem which we will address. This definition will be presented in the context of pre-
vious work in the field.

Our input specification consists of a sized transistor-level schematic, a process technology
description (design rules, parasitics, etc.), and a description of the constraints imposed by the
higher-level placement and routing environment. We refer to this last item eallttemplate In
order to synthesize circuits of hand-crafted quality in an industrial setting, the list of constraints

imposed by this template can become quite complex. A partial list from [63] follows:

position and size of power rails
2. nature and spacing of substrate and well ties

3. constraints to/from the cell boundary (to maintain design rule correctness when the
cells are abutted)

size and alignment of wells
size and offset of routing grid

constraints on cell size/aspect ratio (i.e. exact height constraint for standard cells)



7. 1/0 pin policy (i.e. gridded, staggered, etc.)
8. source/drain region strapping requirements
9. policy on non-manhattan geometry

10. routing layer policies

This entire input specification can be viewed as a set of constraints imposed on the final
synthesized mask geometry. Even the schematic itself can be viewed simply as a constraint which
forces the geometry to implement the desired electrical circuit. In order to simplify the geometry
generation problem, many authors impose additional constraints on the structure of the geometry.
The nature of these additional constraints represents a convenient way in which to characterize and
differentiate the different approached which have been taken, and by which to characterize the
novelty of the work presented in this dissertation. In the remainder of this section we will discuss
the techniques employed by previous researchers and conclude with a characterization of our own

proposed methodology.

1.2.1 One-Dimensional Cell Synthesis

The CMOS cell synthesis problem has a rich history going back approximately 15 years.
Most research has centered on a formulation of the problem which was referred to as the “func-
tional cell” in a seminal paper by Uehara and VanCleemput [119]. In this style the transistors are
constrained to take on a very regular structure. The dual N and P transistors are arranged to lie in
two parallel strips of diffusion so as to minimize the number of breaks in the diffusion. We will
refer to layouts in this style as 1-dimensional, or 1D, layouts because the related optimization
problem is only required to explore a single (horizontal) degree of freedom.

The 1D layout style can be characterized by the following six assumptions, which were

summarized in [73]. A visual example is provided in Figure 2.

Static CMOS technology is used
The pMOS and nMOS subcircuits are series-parallel connections of transistors

The pMOS and nMOS subcircuits are geometric duals of each other

P w NP

Each cell consists of two horizontal diffusion rows for pMOS and nMOS transistors.
This implies that single p-and n-wells can be used.

5. Complimentary pMOS and nMOS transistor pairs are vertically aligned. This allows
their gate terminals to be interconnected by vertical polysilicon columns without use of
crossovers.
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Figure 2: An example of a cell designed in the “functional cell” style of Uehara and Van-
Cleemput [119].

6. Transistor drain and source terminals are connected by diffusion if the terminals are
physically adjacent in the layout, or by metal if they are not adjacent. Only one metal
layer is used.

Obviously, if each transistor in the p- and n-diffusion strips can be connected to both of its
neighbor's source and drain terminals, then the width of the cell will be proportional to 1/2 the
number of transistors in the circuit. However, if a transistor cannot be connected to one of its
neighbors, some extra space corresponding to the diffusion separation design rule must be inserted
between the transistors, increasing the width of the cell. Each such situation, either in a pMOS
transistor, its dual nMOS transistor, or both, is referred todiffugion break. The width of a cell
in the 1D style is therefor proportional to 1/2 the number of transistors plus the number of diffu-
sion breaks. The optimization of such a cell is therefore obtained through the minimization of the
number of diffusion breaks.

The synthesis of 1D layouts can be formulated as a straightforward graph optimization
problem: the identification of a minimal dual Euler-trail covering for a pair of dual series-parallel
multigraphs. Uehara & VanCleemput developed an approximate solution technique for this prob-
lem, while Maziasz & Hayes [73] presented the first provably optimal algorithms. We will review
both works below.

Uehara & VanCleemput suggest the following graph-theoretic model for the diffusion

break minimization problem. Two graphs are constructed, the p-side graph and the n-side graph



representing the pMOS and the nMOS halves of the circuit, respectively. These graphs are defined

as follows:

1. Each source/drain terminal is represented by a vertex,

2. Each transistor is represented by an eglgmgnnecting its source and drain terminals

Because the input circuits mist use static CMOS technology, the p-side and n-side graphs
will be duals of each other. The linear order in which the transistors appear in one of the diffusion
strips is represented in this graph model by a path in the corresponding graph which traces through
every edge exactly once. In an ideal solution this path will be unbroken, implying that each transis-
tor can be merged with both of its neighbors and no diffusion breaks will be required. Such an
unbroken path in a single graph is calledzaiter path In a pair of dual graphs, if Euler paths can
be found that traverse the edges of the two graphs in the same order, they are refemadlto as
Euler paths A diffusion break represents a situation in which a single dual Euler path does not
exist and the graphs can only be covered using two disjoint dual euler paths.

Uehara & VanCleemput propose a simple heuristic algorithm for locating a small (hope-
fully minimum) number of dual Euler paths that cover a given series-parallel CMOS circuit. They
make the observation that if the number of inputs to each AND/OR gate in the circuit is odd, then
there exists a single dual euler path. Obviously this will not be the case in every circuit, so they
introduce artificialpseudo inputsto every gate with an even number of inputs. These pseudo
inputs represenossiblediffusion breaks in the resulting functional cell. Pairs of pseudo inputs
that are adjacent in the resulting input ordering represent only a single diffusion break, so the total
number of diffusion breaks can be reduced by maximizing the number of adjacent pseudo inputs.
They present a constructive heuristic algorithm that re-orders the gate inputs in the solution to
maximize pseudo input adjacencies, taking advantage of the fact that a pseudo input can be chosen
as any one of the equivalent inputs to a symmetric logic gate such as an AND/OR gate.

Many later authors have proposed refined solutions to this classic 1D layout problem. An
excellent survey of the algorithms presented in early works, which were all heuristic in nature, is
presented in [73]. Maziasz & Hayes [71,72,73] presented the first algorithms which were capable
of obtaining provably optimal solutions to all instances of the problem which they considered to be

of practical sizd Maziasz & Hayes discuss three algorithiisailTrace [71,73], R-TrailTrace

1. the authors limit the number of series connected transistors between VDD/GND and the output to four for per-
formance reasons



[71,73], andHR-TrailTrace[72,73]. TrailTrace solves the problem of locating a minimum-width

dual Euler path cover of a graph assuming that equivalent transistor inputs may not be re-ordered
in the schematidR-TrailTraceallows the gate input order to be permuted in logically equivalent
series/parallel chains, which often results in smaller dual Euler cd¥BrJrailTracelocates a
minimum width dual Euler cover, with gate input re-ordering, that, among all such covers, is one
that leads to the smallest number of horizontal metal routing tracks, and thus has minimum height
cell as well.

TheTrailTrace algorithm uses a dynamic programming approach that builds up an optimal
solution in a bottom-up fashion. A key observation is that there is a closed set of only 11 classes of
dual trails for any pair of dual graphs, and when these trail classes are concatenated through a
series/parallel of parallel/series connection, there are only 42 ways to combine these 11 classes
into connected or disjoint dual Euler paths. The search begins by treating every individual transis-
tor as a degenerate dual Euler path. It then concatenates, in a bottom-up fashion, those paths which
are connected in the dual graphs, recording the complete set of possible dual euler path coverings
at each step. Since each of these sets can be no larger than 42, each concatenation operation
involves at mos#2x 42 = 1764 operations. Sinoe- 1 concatenations must be performed, the
algorithmic complexity isl764(n—1) , or linear. In practice the authors report that the constant is
generally much less that 1764, since it is rare that all 42 path classes will be present at one node in
the graph.

R-TrailTraceis similar toTrailTrace, with one important modification. At each step in the
algorithm, when a series/parallel or parallel/series operation is being performed by concatenating
the sets of trail covers for the sub-traiis;TrailTraceexplores every possible permutation of the
ordering in which the sub-trails are combined. If any new trail covers are discovered, they are
added to the set of possible trail covers that are recorded for the concatenated graph. The number
of permutations that must be explored exhibits exponential growth. However, since the problems
are limited in size, in practicB-TrailTrace has been demonstrated to have acceptable perfor-
mance.

In R-TrailTrace,two path covers are considered equivalent if they have the same path
cover type from among the 42 possibilitiefR-TrailTrace extends the notion of equivalence to
include cell height as well. Two trails are considered equivalent only if they define precisely the

same trails. Thus, the classification of trail types into 42 equivalence classes cannot be performed,



and the potential size of the set of possible covers bec@tes . In addRerrailTrace

must explore all possible left-right orientations and permutations when ordering the disjoint dual
Euler paths. When a dual Euler path consists of a closedRedmilTracebreaks the loop at an
arbitrary location to form a linear tralHR-TrailTrace must explore all possible cut point$R-
TrailTrace computes the minimum number of horizontal metal tracks required to route the nMOS
and pMOS transistors in each candidate solution and chooses the best one. An analysis of the run
time complexity demonstrates thidR-TrailTraceruns in O(h3h2) whereh is the height of the
series/parallel circuit graph. Despite its exponential nature, experiments performed on all 3503
“practical size circuits” demonstrated an average run time of about 3 minutes on a 0.9 MIP
machine.

A major drawback of the 1D layout style is that it directly applies only to fully comple-
mentary non-ratioed series-parallel CMOS circuits. Several significant systems have extended this
style to cover circuits with limited degrees of irregularity. Among thes&xrellerator[87], LiB
[43], Picassg[61] andPicasso-11[64]. Highlights of these works are discussed in the remainder of
this section.

Excellerator [87], part of the hierarchical layout systédadre from AT&T Bell Labs,
implemented a 1D layout style that supports non-dual schematics. Transistor placement is hierar-
chical, proceeding in three steps. First, transistor pairs sharing the same gate input are formed. If
more than two same-polarity transistors have the same gate input, the transistors may be stacked
vertically. In addition, if wide transistors above a certain threshold are present, ttfeldade
(split into multiple parallel connected transistors), and may also be vertically stacked. The transis-
tors are then formed into groups and linearly ordered such that at least one nMOS or pMOS tran-
sistor abuts with each of its neighbors. Unlike the previously discussed 1D algorithms,
Excelleratordoes not attempt to maximize diffusion abutments, but instead tries to balance the
degree of abutment with routing concerns using a heuristic “score” based on the number of transis-
tors abutted, the type of electrical node abutted, and the proximity of transistors to other groups
and signals they join to. After the groups are formed, they are ordered with respect to each other
using an exhaustive exploration of all permutations.

Excelleratoruses a very general maze routing algorithm named A-Star (after the “Algo-
rithm A*" developed by Nilsson[80] in the context of artificial intelligence). A-Star offers a large

computational advantage over traditional Lee style maze routers by biasing the search preferen-
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tially in the direction of the target subnet. In this strategy, the Lee-style “wavefront” representing
the end of a partially completed route is expanded only in the direction that would lead to an opti-
mal length route. For an individual net, this strategy is guaranteed to find an optimal solution pro-
vided that the distance cost estimate is a lower bound on the true cost. Nets are routed one at a
time, but the order-induced bias is reduced through a recursive rip-up and re-route &xratdgy.
lerator begins by ordering the nets for routing based on their perceived difficulty, the most difficult
nets being routed first. When a conflict is encountered with a previously routed net, the older net is
ripped up and re-routed. To prevent rip-up cycling, ripped up nets are not re-routed in their
entirety, but instead a recursive look-ahead strategy is employed. As soon as a conflict is discov-
ered, the algorithm begins to recursively route the ripped-up net, attempting to make compromises
much as a human designer would. Of course the depth of this recursion is limited, up to about two
or three levels.

ThePicassosystem of Lefebvre et al [61] takes an approach similareellerator’s Pic-
assotakes a gate-level view of the circuit, first partitioning the netlist into “clusters” that are ame-
nable either to an optimal dual series-parallel row-based implementation [60] or a table lookup in
terms of simple gates such as inverters and transmission gates. These clusters are then given a lin-
ear ordering using a greedy iterative improvement algorithm which tries to maximize an “affinity
function”. This is a weighted function of “morphology” (the likelihood that two clusters will abut
to form common diffusion connections) and “connectivity” (a weighted function of routing con-
nections between the clusters). In the connectivity term, connections between clusters are
weighted based on the type of connection being made. Internal connections not connected to
inputs or outputs are given the highest weight. Internal connections which are also connected to a
cell output are next, followed by cell-level inputs connected to more than one cluster. These latter
two are given reduced weights because the router may choose to abandon them and cause them to
be routed external to the cell. Routing is performed on a virtual grid using interval graph tech-
niques similar to a channel router.

The dual series-parallel cluster optimization algorithms usétidassoadopted an idea
similar to the dynamic programming approachidilTrace Picassoalso categorizes sub-graphs
into equivalence classes based on their structure. However, the graphs in this approach are limited
to CMOS complex gates with at most three levels of logic and gates of four or fewer inputs. One of

the more interesting aspectsRitassois that the system relaxes the restriction that pMOS and
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NnMOS transistors with the same input be aligned vertically with one another. When transistor gates
are “split” in this way the pMOS and nMOS pair of transistors are connected with a 45-degree
strip of polysilicon or they are routed horizontally in metal. This technique can often find solutions
with fewer diffusion breaks thafrailTrace because the pMOS and nMOS Euler paths are no
longer required to be duals of each other.

A later version ofPicassq calledPicasso-1] is described in [64]. It uses the same basic
philosophy as the original system, but with improved algorithms. The greedy iterative improve-
ment algorithm for cluster placement is replaced with an exhaustive branch-and-bound search, and
the simple channel-based router is replaced with an algorithm similar to teatefierator but
with a simpler and more efficient non-recursive rip-up and re-route strategyPBatsoandPic-
asso-llallow 45-degree bends in transistors and polysilicon gate routing, and Picasso-Il also con-
tains a much improved symbolic compaction algorithm. WHRileassoused a simple one-
dimensional compactoPRicasso-lluses a two-dimensional 0/1 mixed integer linear programming
strategy with jog and bend insertion and wire length minimization. Compaction constraints are
generated using methods described in [8]. The 0/1 variables represent either jogs or bends for
which a direction has not been established, or “dual” (diagonal) constraints between objects which
may slide horizontally past each other.

TheLiB system, described by Hsieh et al [43], is also a 1D row-based system that accepts
non-dual schematics. A highlight of this tool is a specialized channel router designed to handle
non-rectilinear regions that result from unequally sized transistors. This router breaks the cell area
up into five separate regions. The M region lies between the transistor rows; the N and P regions lie
over the transistor diffusions and are the preferred routing medium; while the U and L regions lie,
respectively, above and below the diffusion regions and can be used for unrestricted channel rout-
ing. All five regions can be non-rectilinear.

The LiB algorithm consists of nine steps:

1. clustering and pairing: find vertically aligned pairs, form these into clusters of strongly

connected gates that can source/drain share.

2. chain formation: a branch-and-bound optimal chaining algorithm is used locally in
each cluster to minimize diffusion breaks

3. chain placement: place clusters in rows using an exhaustive search procedure. If the
number of clusters is greater than five a min-cut partitioning algorithm us used to
reduce the size of the problem
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routing region modeling: extract data concerning periphery geometry and blockages
for each of the five routing regions.

5. large transistor folding: to ensure that folded transistors don’t break chains, fold into
odd number of pieces

6. route diffusion island: the N and P regions are routed first, modeled as a maximal clique
linear routing problem. The tool must avoid blockages from vertical metal Vdd/GND
and output (NMOS to pMOS) connections. These routes may block vertical
connections needed by layer U and L region routes, so they may be ripped up.

7. netassignment: Route unrouted nets in U, L, M regions. Uses a heuristic bipartite graph
based algorithm

8. detailed routing: useSilk, a simulated evolution channel router with rip-up and re-
route, to route remaining nets in non rectilinear routing regions.

9. compaction: converts symbolic layout into final geometry.

Work on the 1D cell synthesis problem has become fairly mature, and with the optimal
solutions developed by Maziasz & Hayes, we regard this as essentially a solved problem (at least
from a modeling perspective.) However, this is not to say that work in this area has ceased, as con-
tinued innovation has been seen in the performance and usability of commercial tools. Two very
interesting modern industrial tools are discussed by Burns & Feldman [9], and by Guruswamy et
al [37].

We conclude our discussion of 1D cell synthesis techniques by noting that, if the p-chan-
nel pull up transistors are ignored, dynamic CMOS circuits can be optimized using a single-row

1D formulation. A good summary of previous work in this area is presented by Basaran [5].
1.2.2 One and One-Half Dimensional Cell Synthesis

Cell synthesis environments which support the traditional “functional cell” style, such as
those discussed in the previous section, can be extended by permitting the transistors to be placed
in multiple P/N diffusion row pairs. For a large cell, the presence of multiple rows permits the cell
to achieve a more square aspect ratio. In contrast to the 1D layout style, which only requires opti-
mization in a single (horizontal) direction, multiple row optimization problems contain a new (ver-
tical) degree of freedom. However, this freedom is discretized by the integer row number. In order
to distinguish this style from the unrestricted 2-dimensional style discussed in the following sec-
tion we will refer to the multiple-row style as being 1-1/2 dimensional.

Tani et al [117] and Gupta & Hayes [34,35,36] have both presented multiple-row 1-1/2

dimensional cell synthesis systems. The former discuss a heuristic technique based on min-cut
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partitioning while the latter developed an exact formulation, c&leldP, based on integer linear
programming. A commercial todlLASfrom Cadence Design Systems [16], can generate single or
multiple-row layouts in a row-based style for block-level circuits with several thousand transistors.
LASmakes use of heuristics and user-supplied hierarchy information to perform transistor pairing
and chaining, and then places and routes these chains in a symbolic environment.

The layout style supported ISLIP allows a user-specified number of diffusion row pairs,
which are flipped in relation to their neighbors so that Vdd/GND rails can be shared. As in 1D
tools, dual nMOS and pMOS transistors are paired so that common inputs can be routed vertically
in polysilicon. Nets that span adjacent rows are routed in the channel between the rows in polysili-
con or metal. Inter-row routing is not permitted over diffusion areas or between diffusion gaps, so
nets that span non-adjacent rows must be routed around the sides of the cell. Integer variables are
assigned to represent the row, location, and orientation of each transistor pair, the diffusion sharing
among adjacent pairs, and vertical nets that connect transistor terminals across different diffusion
rows. This problem defingSLIP-W, the width minimization problem.

CLIP-WH adds a new set of 0/1 variables that represent the occupancy of a net in each
possible row of a vertical routing column, and locates the minimum height layout among the fam-
ily of all minimum width layoutsHCLIP performs a hierarchical problem reduction by introduc-
ing additional constraints that force the adjacent placement of transistors which are in series-
connected AND stacks. WhieLIP-WHis capable of finding optimal solutions to problems of up
to 16 transistors in a number of secotdiSLIP extends the range to circuits of 30 or more transis-
tors while preserving optimality in over 80% of the benchmark circuits that were tried. Recent

work by Gupta & Hayes [36] also integrates transistor folding into the optimization problem.

1.2.3 Two-Dimensional Cell Synthesis

Despite the elegant optimization formulation permitted by the 1-dimensional and 1-1/2
dimensional functional cell abstraction, it must break down at some point. When designing aggres-
sive high-performance circuits the designer may call upon logic families such as domino-CMQOS,
pseudo-NMOS, Cascode Voltage Switch Logic (CVSL), and Pass Transistor Logic (PTL). These
provide the designer with different size/power/delay trade-offs than are available in a static CMOS
implementation. However, these non-complementary ratioed logic families often result in physical

layouts which are distinctly 2-dimensional in appearance.
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An example of such a circuit is shown in Figure 3(c). The example is a hand-designed
mux-flipflop standard cell implemented in a complementary GaAs process [6]. A schematic for the
circuit, and a two-row 1D version of the circuit generated by a commercial tool, are shown in Fig-
ures 3(a) and 3(b). This example demonstrates a number of properties which deviate from the stan-
dard 1-dimensional style:

1. Itis non-dual and highly irregular. Some regularity is present in the rows, or “chains”

of merged transistors, but these chains are of non-uniform size and are not arranged in
two simple rows.

2. There are instances of complex geometry sharing, such as the “L” shaped structure in
the upper-left corner.

3. The transistors are given a wide variety of channel widths.

4. The routing is non-trivial.

The synthesis of cell layout in an unconstrained 2-dimensional style is a complex problem
which has only recently begun to receive attention. In this section we review three systems which
represent the extent of current progress.

Xia et al [127] have developed a 2D model intended for BICMOS cell generation. They
treat the digital CMOS transistors in a conventional manner, clustering them into locally optimal
chains to maximize diffusion sharing and minimize routing. The treatment of the bipolar transis-
tors, capacitors, and resistors, however, requires additional complexity—bipolar transistors and
passive components generally have a fixed area but a flexible aspect ratio and they are usually
quite large compared to the digital FETs. A slicing-tree-based floorplanning model coupled with a
branch-and-bound search engine is used to locate a compact 2D placement. Each FET cluster and
each bipolar or passive device is treated as a separate static object during the placement phase. The
key idea behind the slicing tree approach is that each object is assigned an stmegbgtiftinction
an idea attributed to Stockmeyer [114]. This shape function presents a linearized approximation of
the object width as a function of its height (or vice versa). The shape functions for different objects
can be added together to obtain a lower bound on the size of each group of objects as the place-
ment in the slicing structure is recursively refined. This lower bound is used to prune the branch-
and-bound search during placement.

Fukui et al [28] developed an innovative system for true 2-dimensional digital transistor
placement and routing. A simulated annealing algorithm is used to find good groupings of transis-

tors into diffusion-shared chains and a greedy exploration of a slicing structure is performed to
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find a compact 2-dimensional virtual grid floorplan. A symbolic router is then used to perform
detailed routing, and a final compaction step is used to produce a layout in the target design rules.
This compactor permits transistors within chains to slide into locally optimal vertical positions
within the chain if the transistors consist of a variety of channel widths.

In a more recent work by the same group, Saika and Fukui et al [95] present a second tool
which operates by statically grouping the transistors into maximally-sized series chains and then
locating a high quality 1-dimensional solution in order to form more complex chains. Then a sim-
ulated annealing algorithm is used to modify this linear ordering by placing the diffusion-con-
nected groups onto a 2-dimensional virtual grid. Routing was reportedly done by hand in the
prototype system.

It is also relevant to discuss work in analog circuit placement and routing in the context of
2D digital cell synthesis. ThKOAN and ANAGRAM-IItools described by Cohn et. al. [18] are
intended for cell-level analog circuits, but their methods could be applied to digital cells as well.
KOAN: s an analog placement tool based on a simulated annealing core that has been specially tai-
lored to the demands of detailed analog transistor-level place¢AGRAM-Ilis a general line-
probe router that supports iterative rip-up and re-route capabilities and analog symmetry con-
straints.

KOANSs simulated annealing move set consists of three types of moves: relocation moves,
reshaping moves, and group moves. Relocation moves can translate, rotate, mirror, or swap
objects. Reshaping moves replace the selected object with a different variant produced by the
device generators. For example, a wide FET could be replaced with one folded into two smaller
parallel connected FETSs. In order to support important analog design concerns, object symmetry
and matching constraints can be enforced during relocation and reshaping moves. Group moves
are critical to the optimization of beneficial geometry sharing. If an object is selected for a reloca-
tion or reshaping move, it is checked to see if it is part of a merged structure. If a merged object is
selected for relocation, a random subset of the merged group participates in the move. If a reshap-
ing move was selected, a random decision is made whether to align the new object variant with the
other objects in its group so as to retain the same overlap.

The optimization of object abutment and geometry sharing, which is critical to achieve
compact results, is handled implicitly BDANwhich specifically encourages electrically compat-

ible geometry overlaps. This is accomplished through the action of its unique cost function, shown
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below

cost = wyOverlap+ w Area+ w,AspectRatic-

1
wsNetLengtht+ yProximity + wsMerge @

In Equation 1 thev; are experimentally determined weights. Below we summarize the utility of

each term.

The Overlapterm penalizes illegal overlaps. Instead of always forcing an annealing
move to result in a design rule correct layout, arbitrary overlaps are allowed to occur
when objects are moved. These illegal overlaps are penalized in the cost function and
driven to zero at low temperatures. In order to ensure that adequate empty space
remains in the layout for routing, each object is encloseaviresghaloof empty space.

The overlap of these wire halos is included in the overlap term.

The AreaandAspectRatiderms penalize the total area of the layout and the deviation
from the desired aspect ratio, respectively.

The NetLengthterm attempts to include the cost of wiring into the placement so that
layout objects which are electrically connected will be placed close togkaN

makes use of a minimum rectilinear spanning tree approximation to represent multi-
terminal nets.

The Proximity term allows a designer to improve device matching by specifying a
desired clustering between arbitrary objects. It does this by placing an artificial net
connecting the centers of the matched objects.

The final term,Merge is used to encourage beneficial geometry sharing between
objects. If two objects are electrically connected, this term permits them to overlap and
increases the benefit as the degree of overlap increases up to the maximum amount
allowed by the design rules. This has the effect not only of improving the electrical
behavior of the circuit by reducing parasitic capacitances and resistances, but also has

the potential to improve the area as well.

ANAGRAM:-llis an area router based on a line-search algorithm, which is similar&e the

Star router

implemented ikxcellerator The main difference between the routing algorithm in

Excelleratorand that irANAGRAM-lllies in the details of the rip-up and re-route strategy. While

the former

uses a recursive search strategy, the latter uses a simpler strategy called “net aging”. In

Anagram-Il when a net is ripped up it is placed back into the routing queue and it will be re-routed
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at a later time. It is therefore possible that two nets could get into a competitive cycle and cycli-
cally rip each other up in a process that never converges. In order to prevenRipi$)@cost
parameter is assigned to each net, and this cost is incremented each time the net is ripped up. Even-
tually a net'sRip-Up cost will increase to a point at which the net becomes fixed in the layout and

can no longer be changed.
1.3 Proposed Methodology

In this work we discuss a problem which represents a new category of the digital cell syn-
thesis problem: the synthesis of mask geometry for complex non-complementary digital cells.
Such cells find application in modern high-speed and low-power sub-micron chip projects, and
may be designed in such non-complementary logic families as CVSL, PTL, and domino CMOS.
Most previous treatments of the cell synthesis problem, discussed in Section 1.2.1 and Section
1.2.2, use a 1-dimensional row-based framework which is extremely effective when applied to
static CMOS complex gates, but which proves inadequate when applied to our target application
(an example of this was shown in Figure 3.)

It seems clear that our problem requires us to abandon these highly constrained row-based
1-dimensional technigues and instead adopt a more flexible approach which allows true 2-dimen-
sional transistor arrangements. In this work we present the architecture for such a 2D cell synthesis
system. We approach the problem as a general transistor-level placement and routing problem, and
show how existing placement and routing models and algorithms can be tailored specifically to
digital transistor-level design.

Several visionary authors have begun work on 2-dimensional cell-level transistor place-
ment and routing, as discussed in Section 1.2.3. A common theme among the existing 2D cell syn-
thesis systems [127,28,95] is that they attempt to capture localized regularity by grouping
transistors into locally optimal diffusion connected transistor rows, or “chains”. The optimization
of transistor geometry sharing through chaining of this type appears to be critical in obtaining
compact high-performance cell layouts. However, in all three systems this grouping is performed
statically before placemerKOAN[18], which is targeted at analog synthesis, performs no static
clustering or chain formation, but instead allows these structures to form dynamically during
placement. We found thKtOANs dynamic cluster formation ability, when applied to digital cells,

was not able to discover the large regular clusters which are characteristic of digital designs, but
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Figure 4: Basic steps in the proposed cell synthesis flow

we take inspiration from its flexibility. An important contribution in this work will be an examina-
tion of methods which permit the placement step to dynamically create transistor chains during
placement.

As our top level framework we adopt the four-step process, diagrammed in Figure 5,
which was first proposed by Basaran [5]. In the first step clusters of transistors are formed, each
representing a set of channel-connected transistors to be composed into a single merged structure
called atransistor chain Clusters of cardinality one represent degenerate chains, or individual
transistors. In the second step an ordering for the transistors in each chain is selected, and the
geometry for each chain is generated. In the third step a placement of the chains is found. The
fourth and final step generates the routing geometry to make the remaining electrical connections
which were not made through direct connection by abutment.

In general, it is not required that the four steps of this methodology be performed sequen-
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tially. A sequential process would imply that optimal transistor clusters, and the resulting transistor
chains, must be formed in the absence of placement and routing information. Similarly, an optimal
placement of these chains must be located in the absence of detailed routing information. In the
search for an optimal solution, an implementation may merge two or more of these steps, or
choose to iterate between them. Our implementation, in particular, merges some aspects of transis-
tor chain formation into the placement step, allowing transistor chaining to be explored dynami-
cally in the presence of placement information. However, the placement and routing step remain
serialized.

A flowchart showing the major steps in our proposed methodology is shown in Figure 5.
We begin with a sized transistor netlist as well as a database containing the relevant design rules
and cell template information. A static clustering step is performed, followed by a placement step
with integrated dynamic transistor chaining. After placement, the cell is routed and a final compac-
tion step is used to remove any remaining empty space. We discuss each of these steps in more

detail below.

1.3.1 Static Transistor Clustering

Prior to placement we perform static clustering. However, our goal is to defer to the
dynamic placement step as much of the transistor chain formation task as possible, so our static
clustering retains as much flexibility as possible in this regard.

At this stage we use a netlist partitioning algorithm to break the netlist apart into a number

of channel-connected components with a bounded upper size. Each of these components repre-
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sents a structure which we caltlaster. If a particular linear ordering and source-drain orienta-

tion is assigned to the transistors in a cluster we obtain a unique tracls@tgrand the resulting
geometry can be generated. One or naliffeasion-breaks may exist at points where neighboring
transistor terminals represent different electrical nets and cannot be merged. We use the locations
of the diffusion-breaks to partition each chain into a number of objects which veailzadhains

The sub-chains are single strips of merged transistors which are free of diffusion breaks, and they
represent the atomic objects which are placed during the placement step.

The ordering of the transistors in the chains is performed dynamically during the place-
ment step, and different orderings will result in chains with diffusion breaks in different locations
(however, we will show that the number of diffusion breaks stays the same.) Thus, the sub-chain to
which a particular transistor is assigned, and the sizes of the resulting sub-chains, vary dynami-

cally during placement, providing a limited degree of dynamic chaining flexibility.

1.3.2 Transistor Placement

It is the task of the placement step to assign optimal locations and orientations to each
transistor and transistor sub-chain in the cell. As discussed above, the placement step is also
charged with locating an optimal ordering for the transistors in each chain, which has the effect of
determining the transistors assigned to each sub-chain, as well as their ordering. In this way the
structure of the sub-chains can be optimized concurrently with the placement, and specific chain-
ing decisions do not need to be made in the absence of placement information.

A major theme of this work is the development of techniques for the modeling and optimi-
zation of transistor geometry sharing—the formation of electrical connections through overlapped
geometry instead of metal wires. It is our observation that the formation of transistor chains uncov-
ers the majority of potential geometry sharing in the circuit. We therefore refer to geometry shar-
ing as obtained through chain formationfiast-order sharing. We also encourage less regular
merged structures to form by allowing electrically compatible ports on adjacent transistors to over-
lap during placement. We refer to arbitrary merged objects formed in this maiseeoad-order
shared structures.

The final placement must satisfy the design rules and template constraints, and it should
be optimized with respect to some cost function. In order to encourage placements which are eas-

ily routeable, this cost function must include the cost of the routing as well. However, since we are
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performing the cell routing step serially after the placement is complete, the placement cost func-
tion must make use of simplified models for the routing. In addition, in order to guarantee that the
routing will be feasible, the placement step must leave the correct amount of empty space between
the placed objects. We will address our solutions for these routing cost and routing space estima-

tion problems.

1.3.3 Cell Routing

After the placement has been completed, the remaining electrical connections which were
not made by the merging of adjacent objects must be completed by the routing step. Since our
placement step may have given the transistor chains a non-trivial two-dimensional arrangement,
we cannot make use of simple stylized channel routers as is common with one or 1-1/2 dimen-

sional methodologies. We make use of a third-party analog area router to perform our cell routing.

1.3.4 Cell Compaction

As one of the tasks of the placement step we have listed routing-space estimation. This
task is required in order to guarantee a feasible routing. However, since the placement step is only
using an approximation to estimate the area required for routing, it is inevitable that we can only
guarantee feasibility by over-estimating the space that will be required. In order to remove this
empty space our methodology specifies an optional compaction step following the final routing.

For this step we make use of a third party non-symbolic cell-level compactor.

1.4 Contribution

This dissertation, which has been introduced above, will extend the work of previous
authors in a number of areas. In order to provide the reader with a guide to the significance of what
follows, we outline those areas briefly below.

 Problem formulation. As discussed above, our treatment of complex non-

complementary logic families such as CVSL, PTL, and domino-CMOS represents a
new branch of research in the classic cell synthesis problem. Circuits such as these
require the use of highly unconstrained 2-dimensional layout topologies, defining a

placement and routing problem for which little previous work exists.
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Problem methodology.In order to address the 2-dimensional placement and routing
problem discussed above, we have assembled a complete end-to-end methodology.
This system demonstrates new techniques for transistor chain clustering and 2D
transistor placement, and makes use of existing third-party tools for detailed routing
and compaction.

Dynamic transistor chaining. A highlight of our 2D placement formulation is a
technique which allows transistor chaining to be optimized dynamically during
placement at a time when detailed routing cost information is known. All existing 2D
transistor placement systems of which we are aware perform this optimization
statically before placement, and must be satisfied with locating a chain ordering which
is optimized only with respect to its internal routing cost.

Second order geometry sharingln addition to the “first order” geometry sharing
obtained through explicit transistor sharing, we also allow more complex “second
order” shared structures to form opportunistically during placement when it is
determined that the ports on adjacent objects are electrically compatible.

Placement modeling and optimizationWhile we make use of a previously known
model for 2D placement, the 2D compaction constraints of Schlag et al [100] and the
symbolic sequence pair representation due to Murata et al [77], we believe that we are
the first to apply them at the transistor level. We make several theoretical contributions
in this area, including a new algorithm for the incremental solution of the DAG SSLP
problem and the formulation of two optimal sequence pair exploration algorithms, one
based on integer linear programming, and one based on a branch-and-bound technique.
Prototype tool. In conjunction with our modeling and optimization research we have
assembled our proposed methodology into a complete prototype implementation. This
implementation consists of custom software to perform the transistor clustering and 2D
placement stages, along with third-party applications to perform the routing and
compactions stages.

Experiments and benchmark circuits.Using our prototype tool, we have conducted

a series of detailed experiments to verify the utility of the ideas developed in this thesis.
These experiments demonstrate the strength and flexibility of our approach, as well as

several of its apparent weaknesses. In conjunction with these experiments we
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assembled a set of 22 benchmark circuits which contain representative examples from
a wide variety of high-performance and low-power circuit families such as PTL,

CVSL, and domino CMOS. These benchmarks should prove useful to researchers
pursuing CMOS cell synthesis research, as well those studying related problems such
as transistor sizing and cell characterization, and they represent a significant

contribution on their own.
1.5 Summary

In this chapter we have outlined the need for productivity-enhancing automatic cell syn-
thesis tools targeted at complex non-complementary digital logic circuits. We have introduced a
general methodology based on transistor-level placement and routing for the synthesis of true two-
dimensional cell topologies. Our methodology attempts to form transistors into rows, or “chains”,
of merged transistors to take advantage of any regularity which is present within the cells. How-
ever, unlike traditional one-dimensional synthesis techniques, these chains are not required to be
complementary, and they can be placed in arbitrary two-dimensional arrangements. Unlike exist-
ing two-dimensional cell synthesis techniques, we do not form these transistor chains during a
static pre-processing step, but instead allow chain formation to be optimized dynamically during
the placement step. We also allow arbitrary second-order shared structures to form by allowing
electrically compatible adjacent objects to merge dynamically during placement. While our
emphasis is on the chain formation and placement algorithms, we will present a complete end-to-

end methodology which makes use of existing third-party routing and compaction tools.
1.6 Dissertation Outline

In the remainder of this dissertation we will go into much more detail concerning the mod-
els which we use to represent the different stages of our problem, and the algorithms which we use
for their optimization. One can characterize our problem, in the most general way possible, as the
study of techniques for the detailed transistor-level placement and routing of digital circuits. We
have found that existing techniques for transistor-level detailed routing, borrowed from the analog
synthesis literature, can be applied almost unchanged to digital circuits. The placement problem,

however, resembles neither the high-level block placement problem nor the analog placement
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problem. Consequently, we direct most of our attention to this latter aspect of the problem.

In Chapter 2 we present a detailed discussion of the modeling of the general placement
problem. Here we do not concern ourselves with the details of transistor-level placement, but
instead we take a higher-level viewpoint intended to deal with the placement problem in the
abstract. We demonstrate the degrees of freedom presented by the placement problem and treat
them as variables in a decision tree. A general symbolic modeling approach based on two-dimen-
sional compaction constraints is adopted, and we discuss the algorithmic techniques which are
required to solve this problem, as well as their computational complexity.

Chapter 3 extends the discussion of Chapter 2 with the use of a recently introduced model
for symbolic placement named thequence paiWe show how the sequence pair representation
simplifies the placement model, and present three different formulations of the related sequence
pair placement optimization problem: an integer linear programming formulation, a branch and
bound formulation, and a simulated annealing formulation. In this context we present a new algo-
rithm for the incremental solution of the DAG single-source longest path (SSLP) problem, which
is integral to the solution of sequence pair constraint graphs. We conclude with some experiments
demonstrating the efficiency and practicality of the different optimization formulations.

Chapter 4 carries the discussion to the specific details of transistor-level placement and our
own cell synthesis methodology. Each of the steps outlined in Section 1.3 is discussed at length.
Chapter 5 presents an implementation of our methodology in a prototype tool TEMED,
and a set of experiments demonstrating the effectiveness of our two dimensional approach when
compared to an industrial 1-1/2 dimensional synthesis tool. In conjunction with these experiments
we assembled a new set of benchmark circuits which we also discuss in some detail. We conclude
in Chapter 6 with a summary of our contribution and some thoughts on future work.

The appendices contain supplementary information which is intended to support the con-
tent of the main thesis body. Appendix A contains a detailed description 8PtQEbased tran-
sistor sizing tool, which makes use of a new heuristic iterative gradient descent algorithm. This
tool was used to obtain realistic sizes for the transistors in the benchmark circuits. Appendix B
provides the detailed numerical benchmark data which is provided in graphical form in Chapter 5.
Finally, Appendices C—E show the final full-page layout plots for all 22 benchmark circuits as sup-

plied by the commercial reference tool, our tool prior to the final compaction step, and our tool

1. Transistor Enabled Micro-Placement Optimization
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after the final compaction step, respectively. Only a sampling of these plots, at greatly reduced

size, are displayed in the experimental results section in Chapter 5.
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CHAPTER 2

Placement Modeling Issues

In the formulation of the placement problem, the most fundamental issue which must be
addressed is the selection of an appropriate modeling environment. In this chapter we examine
several alternative models for the placement problemditieet model and severahdirect, or
symboli¢ models. We formulate the problem using a symbolic model which we initially write in
terms of two-dimensional compaction constraints. We also review the standard methods used for

the modeling of routing cost within placement.
2.1 Introduction

The choice of an appropriate placement model is critical in determining the flexibility and
performance of the resulting implementations. We base our model selection on the following loose
set of requirements. First, the model should be amenable to an efficient algorithmic traversal of the
search space. Calculating the value of the cost function for each location in the search space should
not be computationally expensive. Second, the model should make it easy to identify, or eliminate
a priori, identical and infeasible placements. We would prefer not to waste time evaluating equiva-
lent placements multiple times, or evaluating placements that do not map to a design rule correct
layout.

In order to keep our discussion at a general level, we will not concern ourselves with the
detailed issues involved in transistor-level placement. Those issues will be the subject of Chapter
4. The technigues in this chapter are applicable to placement problems at any level of hierarchy,
and we normally restrict our discussion and examples to the placement or arbitrary rectangular
blocks. In fact, we do not even consider routing issues until the last section, Section 2.4.6, when
we discuss the placement cost function. The general problem of rectangle placement in the
absence of routing is often callegttangle packingn computer science theory, a term which we

will use when the discussion is in this context. In spite of our general treatment in this chapter, the
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choices which we make are strongly motivated by the nature of our application, and the model

which we present may not be appropriate for all placement problems in general.
2.2 Direct Versus Indirect Placement

The most straightforward model for placement would be as follows: the lower-left corner
of every atomic object is to be assigned an intéggey) coordinate on the euclideénlplane
addition, each object must be assigned one of several possible orientations, corresponding to the
different ways in which it may be rotated or mirrored. Finally, in the case of objects with multiple
configurations, such as our sub-chains with multiple chainings, one configuration must be selected
from the family of possibilities. The solution space is traversed by selecting different configura-
tions, rotation/mirrorings, and integer grid coordinates for each placeable object. The cost function
is then some quantitative measure of the resulting placement, such as its area and/or performance.
Rutenbar [91] refers to this aglaect model for the placement problem, and it is the representa-
tion adopted by many simulated annealing placement tools sudmbsrwolf-3.2101,102] and
KOAN[17,18], and by analytic placement tools suclagdian[52].

The alternative to the direct placement model is referred to by Rutenbdirast place-
ment, an example of which is the symbolic slicing-tree model which is popular in block-level
floorplanning [47,120,123]. Indirect placement does not attempt to model the entire physical coor-
dinate space, but instead constructs some form of abstract or symbolic representation for that same
space. The search space is explored by manipulating this abstract model. The cost function may be
directly computable from the abstract representation, or it may be necessary to map the symbolic
placement back into the corresponding physical coordinate space in order to evaluate the cost
function.

We believe that indirect models for placement more closely match our modeling require-
ments. As one traverses the placement space in a direct model, many placements will be infeasible.
For example, ilKOAN at high annealing temperatures, objects may be assigned physical coordi-
nates such that objects overlap in ways which are design rule incorrect (see FigQMNrelies
on such overlaps to identify geometry overlaps which may be beneficial, and all illegal overlaps

will be eliminated as the solution cools. In Chapter 4 we show how object overlaps can be handled

1. Real number coordinates may be used, but in most cases it will be adequate to restrict the object coordinates to
the integers, as we will most often be working within a grid whose resolution is set by the design rules.
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Figure 6: A screen shot of thdOAN tool taken at an early stage of placement showing
many object overlaps

explicitly in an indirect model. In addition, many placements in a direct model may be equivalent
in some sense. By equivalent we mean that, if two different layouts obtained through a direct
model are compacted, they may map to the same design-rule-correct layout. It would be more effi-
cient to traverse the search space if an indirect model can be found that eliminates all equivalent
solutions a priori.

We can now state our placement modeling goal as follows: to locate a symbolic represen-
tation for object placement in which every candidate placement is 1) design-rule-correct and 2)
unique in relation to all other symbolic placements. The model must allow objects full freedom to
make connections through geometry sharing, and it must not exclude any placements that could be

obtained through a direct model.
2.3 Indirect Placement: The Slicing Tree

The most popular example of an indirect model has beeslitireg tree. A good review
of the slicing tree model is provided in [96, chap. 3]. We give a brief description here which is
intended to serve as a counter example to the model which we do finally adopt. As shown in

Figure 7, a slicing floorplan is derived by recursively slicing the layout space either horizontally or
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(a) A slicing floorplan

Figure 7: Slicing floorplans
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(b) Slicing tree and post-fix symbolic
representation of the floorplan in (a).

1

(c) A non-slicing “wheel” floorplan

vertically until each object to be placed is in its own “compartment”. There is a convenient sym-

bolic representation of a slicing floorplan, which is the “Polish” expression derived from a post-fix

traversal of a binary tree representing the sequence of recursive cuts. The leaves of the tree repre-

sent the operands, or placement objects, and the internal nodes are operators i(Hh¥)set

which represent, respectively, horizontal or vertical cuts. This representation is not implicitly

canonical, multiple Polish expressions can represent the same placeeatfairly straightfor-

ward convention can be adopted which leads to canonicity.

The most fundamental limitation to the slicing tree model is that some floorplamsnare

slicing, in other words they cannot be represented by a slicing tree. The most trivial example is the

so-called “wheel” floorplan shown in Figure 7(c). This limitation violates one of the fundamental

1. this occurs because two consecutive cuts in the same direction, such as the two “H” cuts separating the blocks
in Figure 7(a) into the groups (3), (4,5), and (6,7) can be made in an arbitrary order, resulting in different trees.
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Figure 8: The geometric “compaction” constraints generated between two objects i and j.

requirements which we desire in our model, namely that all placements representable in a direct
model can also be represented symbolically in the indirect model.

The main disadvantage of the slicing tree model from our perspective is that it is intended
primarily for use in floorplanning and not placement. In floorplanning, some or all of the objects
being placed have flexible aspect ratios, while the term “placement” is generally used when the
objects have fixed geometry. It is not possible to control the final shape or aspect ratio of the final
compartments that result from a particular slicing, and so large amounts of dead space may remain

if the objects cannot adjust their aspect ratios to match.
2.4 Indirect Placement: Two-Dimensional Compaction Constraints

The indirect placement model which we have adopted was inspired by the two-dimen-
sional compaction research of Schlag et al [100]. In the context of block placement, this model
makes the following observation: in order to maintain a legal sepaﬁar}ion between twoiobjects

andj, which have Widthsvi, w. and heigHt-g hj , the objdstconstrained to remain outside of

i
a box surrounding the objeicas shown in Figure 8. This constraint can be linearized by imposing

the four separate difference constraints shown. At least one of these four constraints must be satis-
fied in order to obtain a design-rule-correct placemeritdadj. By selecting one of the four con-

straints one is selecting one of four differegfative positions fori andj. Each of these four
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Figure 9: The four possible orientations of a FET and the corresponding decision variable.

choices can potentially (but not always) result in a different placement. A complete placement of
objects is obtained by selecting one of the four constraints

Cjj O Eplrj c:j, citj), citjg 2)

0 0

foralli,j O1...n. The reason why different selections t%l‘ may not always result in different
placements is that, depending on the relative placements of theneti2er objects in relation to
andj, the constraintij may be redundant. In such a situation the position ofjabjeelation to
objecti is determined by other intervening objects, and two of:%he constraints that are adjacent
in Figure 8(a), for exampleirj am‘i&j , can both be satisfied by the same placement (in this exam-
ple objectj would be forced to lidboth above and to the right of objeicby other, unspecified,
intervening objects.)

In order to extend the two-dimensional compaction model discussed above into a com-
plete model for placement, we must allow objects to be rotated/mirrored and reconfigured as well.
Our complete model for transistor-level placement thus consists of four separate steps. First, if a
placement object possesses multiple configurations, one configuration must be selected for place-
ment. Second, each object must be assigned an orientation in the layout plane. Third, each object
must be assigned a placement relative to the others. Finally, the absolute placement of each object
must be determined—the symbolic placement must be mapped into its corresponding direct phys-
ical placement—so that the cost function can be evaluated. We discuss each of these steps in more

detail below.
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Figure 10: The possible orientations of an arbitrary block which can be obtained through
mirroring and rotating. Eight of the sixteen resulting orientations are duplicates.

2.4.1 Configuration and Orientation Selection

As shown in Figure 10, an arbitrary planar object can have one of eight pasihta-

tions if the object is allowed to be rotated and mirrored about its two axes. In addition, if the object
has more than oneonfiguration (such as a bipolar transistor with more than one aspect ratio),
each of these configurations can take on up to eight orientations. In Figure 9 we show that one con-
figuration of a CMOS FET, due to symmetry across its axis perpendicular to the gate, can take on
one of only four orientations. The first and second aspects of the placement problem listed above,
the selection of one of the possible configurations, and the assignment of an orientation to that
configuration, can be modeled by appropriate decision variables. We dgfine  to be a decision

variable representing objeicthat takes on a value from the set

Epli|di 0@ d? .. dY g (3)
0 0

wheren is the number of members in the cross product of the set of possible orientations and pos-
sible configurations. This aspect of the problem requires that an optimal assignment be made to the

decision variable representing eaetiividual object in the design.
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Figure 11: The four possible relative placement of two FET objects i and j and the corre-
sponding decision variable.

2.4.2 Relative Object Placement

The third aspect of the floorplanning problem, assigning relative placements to the
selected objects, can also be modeled as a decision problem. Given any pair of objects from the
layout, these objects can take one of four positions relative to each other as shown in Figure 11:
objectj is constrained to be either above, below, to the left, or right of abjeabrder to maintain
the correct design rule distance between the two objects, at least one of these constraints must be
enforced. We considen‘ij to be a decision variable representing the pair of ohjetisvhich

can take on a value from the set

O t | b O
Col | D (d, iy di, ) 0 “)

This aspect of the problem requires that an optimal assignment be made to the decision variable

representing eagbair of objects in the design.
2.4.3 The Pairwise Relative Placement Problem

All three aspects of the placement problem discussed above—object configuration selec-
tion, orientation selection, and relative position assignment—can be modeled as the assignment of

integer values to a set of decision variables. Thus, all three of these steps can be approached as a
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unified search problem, which we refer to aspghaiewise relative placementproblem. In this for-

mulation it is easy to see that for a problem witiiacable objects, there will be a total of

EZE+ n=n’ (5)

integer decision variables. In the simplest case (nho alternate object configurations) each of these

decision variables can take on one of 4 possible values, yielding a search space whose size is

2
n

4 (6)

The assignment of a value to each of the decision variables has the effect of selecting a
design rule that will be enforced between each pair of objects. The design rules can be written in
the traditional form of layout compaction constraints [115] as follows

x; —x; 2 & — (d 0d 0d) (K

X —x; 2 8 — (d 0d} Odlj) (K

(7

y; -y 28 —(df 0df Od) K

yi—y; 28 —(df 0d Od?) K
for alli,j O1...n, in which d O(d, 7, ..., d7), o O(d, o, ..., df), & 20is an integer
constant representing the appropriate design rule for the specified object configuratiéhgs and
an integer constant chosen to be larger than the Iaﬁfﬁ;est found in the set of design rules. The term
in parenthesis which is multiplied I forms a logical predicate that serves to select exactly one
of the constraints for each pair of objects.

In Figure 12 we show several of the relative placements that are possible for a pair of
MOSFET transistors, along with the design rule constraint which results from each placement. As
in Figure 9, each transistor has one of four possible configuratiods,gpandd; can each be
represented by a two-bit decision variable. There are therefore 64 different pairwise place-

ments for two objects.

2.4.4 Solving the Compaction Constraint Graphs

In order to evaluate the cost function (discussed in Section 2.4.6) for each candidate place-
ment, absolute physical coordinates for each object must be found, meaning that the indirect pair-

wise placement constraints must be solved. This is itself an optimization problem which involves
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Figure 12: The 64 possible placements for a pair of CMOS transistors (right) and the cor-
responding design rule constraints (left)K is a suitably large number.
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locating values for alk; ang, variables which satisfy all of the constraints given by Equation 7,
given a unique assignment to all of the decision variatjles dﬁlnd , While minimizing the place-
ment area. However, these constraints are linear inequalities of a special form—they are all two-
variable difference constraints. Optimization problems of this type are referredetwask flow
problems, and they can be solved using straightforward graph techniques.

To solve the constraint graph network flow problem we construct two directed acyclic
graphs (DAGS), calledonstraint graphs, as follows: One graph represents all of the constraints
involving thex variables, and the second graph represents all of the constraints involving the
variables. The vertices represent the object coordinate variables xaithgrand the edges repre-
sent a constraint involving the variables at the two endpoints. By convention, we define the object
location as the coordinate of its lower-left corner. Each edge is given a positive weight correspond-
ing to the sum of the design ruléij , involved in the constraint and the width or height of the
source vertex object. Each graph is given two artificial vertices, naouede andsink. An edge
of zero weight is drawn from the source to every other vertex. An edge from each object is drawn
to the sink vertex with a weight corresponding to the width/height of the object.

Solving the constraints in each direction is performed by finding the length of the longest
path, D[v] , from the source to every other vertex , the so-called single-source longest-paths
(SSLP) problem. The longest path from the source vertex to the sink vertex in each graph is called
thecritical path, and represents the minimum size of the layout in that dimension (eibngr)

Since it is possible to encounter positive weight cycles in these graphs (we will explain why in

Section 2.4.5) the well known Bellman Ford algorithm [20, p. 532] provides an appropriate

method for finding the longest path. An example of two constraint graphs, and their corresponding
minimal rectangle packing, is shown in Figure 13.

The computational complexity of the Bellman Ford algorithn©{®\) wleezthe
number of edges ands the number of vertices in the graphin our cases [ /2 (there will be
an edge between every pair of vertices in one of the two constraint graphs) so the complexity is
O(v3). For special cases of the input graph, more efficient algorithms are possible. Gabow and
Tarjan [29] have developed an algorithm that run®(®/V CE Cog( VW) where W is the larg-
est-magnitude weight of any edge in the graph. This latter algorithm will be more efficient that
Bellman-Ford when the variation in the edge weights is relatively small (as is often the case in

design rule constraints).
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(a) X-axis constraint graph

(b) Y-axis constraint graph

() (@)

mQm
(@)

(c) the resulting physical placement

O

Figure 13: An example of two constraint graphs and their associated physical packing

If we run the Bellman-Ford algorithm twice on a graph, first starting at the source node
and a second time from the sink node and with the directed edges reversed, we gather additional
useful information about the longest-path solution. For all nedes  along the critical path, the val-
ues ofD[v;] resulting from the two invocations, call thE\)fh/i]1 aidi]z , Will be identical.

For all nodes not on the critical path we can define a value csdelv;] = D[vi]l—D[vi]2
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expressed as an implication the implication

Figure 14: An example of the transitivity relationship between design rule constraints.

which represents the total range of motion that each object has in the minimum sized layout. Each
layout object could be positioned anywhere along this continuum of positions and the graph solu-
tion will remain minimal. These slack values are often used to optimize second-order criteria in the
placement. For example, objects can be placed so as to minimize the total length of wiring, or the

lengths of wires between certain critical nodes, in the cell [39,55,99].

2.4.5 Constraint Graph Cycles and Infeasibility

As we alluded in Section 2.4.4, there is one property of the two-dimensional compaction
based placement model which we feel is undesirable. It is possible for a particular assignment to
the dij decision variables to result in an infeasible placement. This will manifest itself as a cycle in
one of the two constraint graphs, and is a result of an assignment that violates a transitivity rela-
tionship between two or more constraints.

An example of this is shown in Figure 14(a). This example shows an assignment to the rel-
ative position decision variables of three objects that results in a constraint graph with a cycle, as

shown in Figure 14(b). It is impossible to locate the longest path through this graph (it is infinite)
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and the Bellman-Ford algorithm would terminate unsuccessfully.
In Figure 14(c) we show that for this example of three objects, given assignments to the
first two relative position decision variablesd?rjf , we can make the statement that the third deci-

sion variable ismplied to bedirj as well. As pointed out in [84], one can make the weaker argu-

ment that the selection of the assignmdz;'g @{Qd implies simplyiglgattdgc , however, as
shown in Figure 14(d) the stronger implicatidy, = d;C can be made. This is because the
assignments
_ Ot p 0O
dac - %dac' dac% 8

while they are valid assignments, only serve to limit the feasible positions of objeettRetdhe
upper or lower crosshatched regions, respectively. With the assigdgent d;C both of these
regions result in feasible solutions, as well as the center crosshatched region as well.

This implication defines @ansitivity relationship among the constraint assignments, and
which can be extended to any sequence of decision assignments which votosaitiaonstraint
cycle

a a
nm ~— d1m (9)

di,0d5,0... Od
wherea O{r,l,t,b} anch=2 .

One can choose to detect transitivity violations, and therefore infeasible solutions, using
the Bellman-Ford algorithm at the time when the constraint graphs are solved, or, as in [84], one
can detect the presence of closed constraint cycles and use them to make asigiiceitns
The latter approach will result in a smaller search space, so it may be desirable if the detection of
closed constraint cycles is computationally efficient. However, a recently developed symbolic rep-
resentation of the two-dimensional compaction constraints, called the sequence pair [77] represen-

tation, solves this problem much more neatly. The sequence pair will be the subject of Chapter 3.
2.4.6 The Cost function

After the constraint graph has been solved we can compute the cost of the resulting place-
ment. It is desirable that the cost function be relatively easy to compute, as its solution must be
found in the inner loop of the optimization routine. Up until this point we have been discussing the

general problem of rectilinear block placement without regard to routing effects. Essentially, we
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Figure 15: The cell height and perimeter as a function of its width for a constant area

have been solving the rectangle packing problem. In problems related to integrated circuit place-
ment it is most often the case that, because of the complexity of the routing problem itself, detailed
routing is performed as a separate step after the placement has been completed. Thus, the place-
ment problem must be solved using, at best, relatively simple estimates for the effects of routing.
We most often see these routing estimates appearing in the placement model as a component of the
cost function. Therefore, the placement cost function can be written as some function of both the
cost of the placement itself and an estimate of the routing cost:
cost = f (placement routing (20)
In the remainder of this section we will discuss the more common methods of estimating these two

terms of the cost function.

Placement Cost

The two most common placement cost functions are probably the area of the bounding

box of the cell

area= heighk width (12)
and half of the cell perimeter.
DETTRCE! = height+ width (12)

Both are non-decreasing functions, so they are essentially equivalent. However, for sets of alterna-
tive cells with the same area, the use of the perimeter function tends to favor cells with a more

square aspect ratio. As can be seen in Figure 15, there are an infinite humber of minimum area
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rectangles over a continuous range of aspect ratios. However, the rectangle with the minimum
perimeter corresponds to the single minimum area rectangle with an aspect ration of 1.0. Also,
note that the perimeter function is linear while the area function is quadratic. In our linear pro-

gramming formulation of the problem, described in Section 3.3.1, this property will be important.

Routing Cost

As we mentioned above, the detailed routing problem itself is extremely difficult to solve
and it is impractical to embed routing within the inner loop of the placement step. Therefore we
must make do with an estimate for the routing component of the placement cost function. This
estimate must be computationally efficient to evaluate, but it must also be accurate enough to act as
a reasonable predictor for the actual routing cost of the current placement.

For the moment we will make no assumptions about the nature of the blocks being placed
(i.e. whether they are rectangles, macro-blocks or transistors.) We will simply assume that the
problem being solved contains a number of electrical nets, possibly multi-terminal, which must be
connected at the conclusion of the placement step. The blocks may contain terminals, either on
their periphery or internal to the block, which specify the connection points for the nets. The prob-
lem is to estimate the actual minimum cost of connecting together, in a design-rule-correct man-
ner, all of the terminals of each net.

In Figure 16 we show an example of a simple multi-terminal net routing problem.
Figure 16(a) shows a set of four blocks, each containing one terminal of a multi-terminal net. Per-
haps the simplest estimate of the routing cost is to find 1/2 of the perimeter of the smallest rectan-
gle which encloses all of the sinks, the so-caltedinding box of the net, as shown in
Figure 16(b). The net bounding box is simple to compute: it can be found for all @{s)in
time, wheren is the total number of net terminals in the problem. However, this estimate is also
fairly crude. It gives a lower bound on the routing cost which is exact for two-terminal nets, but as
the number of terminals increases the quality of this bound becomes extremely poor.

The most accurate routing estimates will be obtained with a model which more closely
matches the morphology used by the actual detailed router. Most integrated circuit detailed routers
will attempt to connect multi-terminal nets using a tree-like structure, and therefore the routing
estimate should make the same assumption. We will discuss two classic models for routing estima-

tion based on tree structures: Minimum Spanning Trees and Rectilinear Steiner Minimum Trees.
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and demand points

Figure 16: An example illustrating several different methods for routing cost estimation.
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Both are derived from classic problems in graph theory.

In general, theMinimum Spanning Tree (MST) problem is defined as the following
selection problem [106 p. 76]. Given a gragh= (V, E) with an edge weight function
w: E - R, select a subset of the edd€d1 E suchBhat  induces a t&arahthe total cost

over all edges i’
cost = ng( )
e

To model the integrated circuit routing problem we construct a ggaph  to represent each

is minimum over all such trees.

neti. There is one vertex in gragy,  for each terminal of n&nd an edge between each pair of
vertices which is weighted by the rectilinear distance between them (thus the graph is a clique.)
The MST is therefore the minimum-weight set of rectilinear net segments which can be used to
ensure that the graph is connected. Figure 16(c) shows the weighted graph used to represent the
problem of Figure 16(a), while Figure 16(d) shows the MST solution for the net.

Conveniently, the MST problem can be solved optimally using a simple greedy algorithm.
There are two well-known algorithms for its solution, Kruskal's algorithm [54] and Prim’s algo-
rithm [88]. Below we repeat the pseudo-code for Kruskal's algorithm due to Corman et al [20, p.
505].

MST-KRUSKALG w)
A0
for each vertex v V[(G
MAKE-SET(v)
sort the edges of E by non-decreasing weight w
for eachedge (u,v)dEn order
if FIND-SET( u) #FIND-SET( v)
A< AO{(u vV}
UNION(u, v)
return A

O©oo~NOoOUITh, WNPE

Kruskal's algorithm operates by greedily traversing the edges in order of non-decreasing
weight. If the current edge connects two disjoint subsets of the vertices the edge is retained in the
MST, otherwise it is discarded. The run time of Kruskal's algorithm depends on the implementa-
tion of the set union operation. Corman et al discuss an implementation with an asymptotic run

time of O(E Uog E) . Prim’s algorithm, on the other hand, uses a relaxation approach based on a
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priority queue. The run time of Prim’s algorithm depends on the implementation of the priority
gueue, and Corman et al [20, p. 509] discuss an implementation with an asymptotic run time of
O(EogV).

The Rectilinear Steiner Minimum Tree problem is based on the more general Steiner Min-
imum Tree (SMT) problem of graph theory. The most general definition of the SMT problem is as
follows [106, p. 81]. Given a grap® = (V, E)  with an edge weight functiarE - R and a
subset of the vertice® OV , select a subset of the vetitesV sucbh that V' and
induces an MST of minimum cost over all such trees. The vertices in the Budreeteferred to as
thedemand points while the vertices in the subsét— D are referred to aStdieer points If
D = V then the problem is equivalent to the MST problem, bt iff V then we are given a
problem with some optional vertices which can be used to locate lower cost solutions.

The RSMT problem is a subset of the SMT problem in which the edges are restricted to
rectilinear shapes, and provides the correct model for manhattan detailed routing. In Figure 16(e)
we show the application of RSMT optimization to our routing problem from Figure 16(a). The
vertices are embedded in the cartesian plane so that each vertex's coordinates correspond to its
location in the placement. We project horizontal and vertical grid lines from each vertex. This
graph is called thgrid-graph—the original terminals represent thiemandpoints, whileSteiner
points are placed at every remaining coordinate at which these grid lines intersect. It is easy to see
how the RSMT formulation provides the opportunity to reduce the routing cost from the solution
of the MST formulation. Route segments are no longer required to terminate at the terminals
(demand points): they can now terminate when they intersect an intermediate point (Steiner point)
on a pre-existing route segment.

Figure 16(f) shows the RSMT embedded in the grid graph of Figure 16(e). It is apparent
that the RSMT represents an exact lower bound on the routing cost for this multi-terminal net as
long as blockages in the placement are ignored. The RSMT solution has a cost of 14 while the
MST was slightly more pessimistic with a cost of 16. The bounding box solution gave an estimate
of 12, which is clearly optimistic. Clearly, among this set of options, the RSMT model provides
the most accurate lower bound on the routing cost. Unfortunately, the RSMT optimization prob-
lem is NP-complete [30], and for this reason it is most common to use and MST routing mode, or
to make use of an RSMT formulation with a heuristic optimization algorithm.

The most common heuristic algorithms for RSMT optimization operate through greedy
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moadifications to an initial MST routing solution. Because the MST cost metric is evaluated using
rectilinear coordinates, it is trivial to map an MST solution onto an equivalent RSMT solution.
Local modifications can then be used which may reduce the cost of the RSMT solution.

An examination of Figure 16(f) will demonstrate that it is equivalent to the MST solution
in Figure 16(d). The reduction of two from the manhattan routing cost estimate of the MST solu-
tion was obtained because the RSMT recognized that two routing segments overlap at the position
marked in the figure. Hwang [45] used a geometrical argument based on this observation to prove

the following relationship

Cost(RSMT)_ 2
Cost(MST) ~ 3

(13)
This relationship can be used to provide tight bounds on the quality of any RSMT solutions
obtained with the use of these heuristic algorithms.

One final technique for routing cost estimation is worth mentioning. As part of a sophisti-
cated supply vs. demand routing estimation scheme named RISA, which is intended for large stan-
dard-cell and sea-of-gates designs, Cheng [14] introduced an extremely fast statistical method for
the estimation of the RSMT cost of a multi-terminal net. By analyzing the optimal RSMT solu-
tions for a large number of randomly generated routing problems, Cheng was able to make a statis-
tical argument concerning the average number of horizontal and vertical tracks required by a

RSMT as a function of the number of pins on the net.
2.5 Summary

The subject of this chapter was the modeling of the abstract placement problem. The spe-
cific nature of the objects being placed was temporarily ignored, and the problem formulated as
the placement of abstract rectangles. We discussed the distinction between direct and indirect
placement models, providing examples of both. Our main goals in selecting a placement modeling
environment—efficient algorithmic traversal of the search space and inexpensive cost function cal-
culation—appear to favor the use of indiregibolicmodels. The primary motivation behind this
choice is the fact that there is a many-to-one mapping between the direct placement search space
and the set of feasible symbolic placements: When compacted and legalized, many direct place-
ments will map to the same symbolic placement. It is our opinion that working in the symbolic

placement space will lead to more efficient search of the legal placements.
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In order to avoid the primary problem with the popular Slicing Tree symbolic model we
have outlined an alternative symbolic placement model based on two-dimensional compaction
constraints. A unique placement is defined by the assignmentafesmationto each object in
the problem, and the assignment a&lative placemento each pair of objects in the layout. We
refer to this assignment problem as gaérwise relative placementproblem. After a complete
assignment is made to all problem variables, the absolute placement of each object can be deter-
mined from the solution of a related pair of constraint graphs. This graph problem can be solved
with the use of the well known Bellman-Ford algorithm.

One problem with the pairwise relative placement model is the fact that some assignments
result in infeasible placements. These occur when an assignment violates the requirement for tran-
sitivity along chains of object pair assignments. The Bellman-Ford algorithm is capable of detect-
ing infeasibility as it results in positive-weight cycles in the constraint graphs. However, we would
prefer to avoid making these infeasible assignments in the first place. This shortcoming will be
addressed in Chapter 3 which reviews a recently developed notation, named the sequence pair, for
the representation of the two-dimensional compaction constraints.

The subject of routing was introduced in this chapter in the context of calculating the
placement cost. Routing is modeled by including abstract multi-terminal nets, represented as sets
of pins on their associated objects, which must be connected with minimum cost. Several models
for routing cost were reviewed, including the area of the minimum bounding box, minimum span-
ning trees, and Steiner trees. Of these models the net bounding box cost is the most inexpensive to
calculate, but it provides only a very loose lower bound on the true routing cost. The Rectilinear
Minimum Steiner Tree routing model provides an exact lower bound and therefore the greatest
accuracy when modeling multi-terminal manhattan style routing nets. However, the general RMST
routing problem is NP-complete. Minimum Spanning Trees, and approximate RMST solutions

heuristically derived from MSTSs, often provide an acceptable compromise.
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CHAPTER 3

Placement Using the Sequence Pair Representation

In this chapter we discuss a relatively new symbolic placement model called the sequence
pair, first introduced by Murata et al [77]. We show how this representation simplifies the two
dimensional placement model introduced in Chapter 2, and present three alternative formulations
of this model: an integer linear programming formulation, a branch-and-bound formulation, and a
simulated annealing formulation. Several experiments are presented which demonstrate the rela-

tive merits of the branch-and-bound and simulated annealing implementations.
3.1 The Sequence Pair Representation

The sequence pair is a symbolic representation of two-dimensional compaction con-
straints introduced by Murata et al [77]. This notation provides a number of advantages over repre-
senting the constraints in their raw form. sequence pairs are convenient to manipulate, lending
themselves naturally to move-based stochastic optimization algorithms, such as Simulated
Annealing and Genetic Algorithms, as well as exhaustive enumeration algorithms such as Branch-
and-Bound. Most importantly, however, the sequence pair model implicitly enforces the transitiv-
ity relationship between the design constraints, preventing a priori the enumeration of constraint
combinations that are infeasible, and thus neatly solving the constraint graph infeasibility problem
discussed in Section 2.4.5. Through the elimination of all infeasible placements the size of the
search space is reduced significantly. In addition, the lack of cycles in the resulting constraint
graphs allow more efficient algorithms to be used for their solution.

In the remainder of this section we review the sequence pair notation and elaborate its
advantages. We then discuss several optimization algorithms based on the sequence pair notation.
Two formulations for obtaining the exact solution are presented. In Section 3.3.1 we propose an
optimization algorithm based on an Integer Linear Programming formulation of the sequence pair

notation. In Section 3.3.2 we propose an exhaustive enumeration search algorithm based on the
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branch-and-bound technique. A heuristic algorithm based on simulated annealing is discussed in
Section 3.3.3.
In [77] Murata et al introduced the sequence pair notation to represent the two-dimen-

sional rectangle packing problem, defined as follows:

Definition 3-1:Rectangle Packing ProbleRP. Let M be a set ofn rectangular objects whose
height and width are given in real numbers. (Orientation is fixed.) A packigi®f non-over-
lapping placement of the objects. The minimum bounding rectangle of a packing is called the chip.

Find a packing oM in a chip of minimum area.

The authors point out that if the location of a rectangle is defined to be a real number, the
number of possible placements is infinite. Even if the location coordinates, width, and height of
the objects are restricted to the integers, and even if the solution space is restigetsithEsolu-
tions in which the rectangles do not overlap, the space is still infinite. They seek a way of express-
ing the solution space in a symbolic manner so that the size of the solution space is finite, but it is
still guaranteed to contain the optimal soluti¢tut more formally, they seek a means of grouping
the infinite solution space into a finite number of codes, each code representing a family of solu-
tions which are in some sense equivalent (i.e. an equivalence class.) A solution space which meets

this property is calle@-admissible and defined as follows:

1. The solution space is finite
2. Every solution is feasible

3. Evaluation of each code is possible in polynomial time and so is the realization of the
corresponding packing

4. The packing corresponding to the best evaluated code in the space coincides with an
optimal solution oRP.

They propose a P-admissible solution space based on the two-dimensional compaction
constraints introduced by Schlag et al [100], which we discussed in Section 2.4. A sequence pair is
a symbolic representation of this solution space which specifies which of the four relative position
constraints is enforced for each pair of objects.

A sequence pair is a one-to-one mapping from a pair of sequeéﬁéeﬁ,_) :

I = (p1Pye-Pyy) a

r = (4N5---Np)
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® 0

(M*%d) = {e}) - right

(r*,r7) = (abdecf chfadp

(MPP(d) = {a b})  left
(MP3d) = 0) _ above
(M2%d) = {c, f}) - below

Figure 17: The symbolic sequence pair placement representation

to a rectangle packing, whepg, n; 0{1...m} . The correspondence between a sequence pair and
its implied packing is best visualized with an example. Figure 17(a) shows an abstract representa-
tion for the sequence pa@F+, ) = (abdecf cbfade . It consists of an oblique grid whose axes
are labeled with positions if" increasing left-to-right on the positive slope grid lines, and posi-
tions in increasing left-to-right on the negative slope grid lines. Since each of the sequences
define a total ordering on the objects, each object is placed on the grid at a unique positive grid line
and a unique negative grid line. The location of an object on this grid should not be confused with
an object’s physical location in the packing; it is only a symbolic representation of the relative
positions of two objects, defined as follows.

For an objeck , the sequence pair admits the definition of the following four sets
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M%) = {x'| x'is afterx in both r*andr7}
Mbb(x) = {x'| X' is beforex in both r* andr} (15)
Mba(x) = {x'| x' is beforex in r* and afterx’ in I}
Mab(x) = {x'| X' is afterxin r* and beforex’ in I}
Membership in each of these four sets determines the relative positions for each pair of
objects which, in turn, identifies the Schlag-style compaction constraint that must be enforced
between them. Specifically:

r

e If x OM*thenx' isright of x in the packing. In our notatiod,,, = d,..

. 1 x OM"Pthenx' isleft of x in the packing. In our notatiod, ,, = d\,
e Ifx'0O Mbathen X' isabovex in the packing. In our notatiow, . = d;x,
o Ifx'[O Mab then x' isbelowx in the packing. In our notatiow, ., = dgx,

On the abstract grid of Figure 17(a) these four rules can be visualized as follows. The two
grid lines that intersect at the location of a given object divide the abstract plane into four dis-
joint regions, corresponding to the four sets in Equation 15. Every other gbject  must be in one
of these four regions. The packing which results from this sequence pair, after the solution of the
resulting x-axis andy-axis constraint graphs, and taking into account the dimensions of each
object, is shown in Figure 17(b).

The derivation of the reverse mapping process, which provides a unique sequence pair
representation for a particular rectangle packing, is somewhat involved, and is described by the
authors [77, page 473]. The authors provide detailed proofs that both mappings are one-to-one.
The fact that both of these two mappings are one-to-one demonstrates that there is a unique
sequence pair representation for any valid packing, and in turn a unique packing for every
sequence pair. This, along with the fact that the resulting packing can be found in polynomial time,
permits the authors to prove that the sequence pair notation describes a P-admissible solution
space.

The solution space described by a sequence pairatifects consists of all possible per-
mutations of the two sequencE§ dnd . Thus the size of the solution s(mb)sz is . Clearly

this problem is non-polynomial in complexity, and it is straightforward to show that the resulting
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Figure 18: The effect of a single nearest-neighbor pair swap in a sequence pair

optimization problem will be NP-complete [30]. Nevertheless, this is an improvement over the size
of the solution space implied by the explicit two-dimensional compaction constraints, which we
showed is4mz (see Equation 6 on Page 36.) This reduction in the size of the search space is a
direct result of the elimination of the infeasible placements.

Starting with the sequence pair representation there are many ways to formulate the prob-
lem of finding the optimum rectangle packing. In the following sections we describe several alter-
nate formulations of this optimization problem: a simulated annealing formulation, an integer
linear programming formulation, and a branch-and-bound formulation.

There is one property of the sequence pair which we will find especially useful in all of
these formulations. As can be seen in Figure 18, a simple “move” in the sequence pair solution
space can be performed to change from one packing to another. If a pair of objects are selected
such that they are adjacent in one of the two sequences, and their order in that sequence is
reversed, only a single constraint changes in the two resulting constraint graphs. It is straightfor-
ward to show that a single constraint will be deleted from one constraint graph (eithexibe
graph or they-axis graph) and added to the other graph. As we will show in Section 3.2, this
change can be propagated through the two constraint graphs in an incremental manner, allowing
the longest-path problem solution to be performed slightly more quickly than in the worst case.

In the various formulations of the rectangle packing optimization problem we will traverse
the search space using the following basic set of moves:

1. the swapping of two neighboring objects in one of the sequences, resulting in the

deletion and addition of an edge in the constraint graphs (as discussed above)

2. the reconfiguration of an object, resulting in the modification of the weights of some
of the edges in the constraint graphs

3. the addition or deletion of an object in the sequence pairs, and the addition or deletion
of a vertex and its corresponding edges in the constraint graphs
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3.2 Solving the Sequence Pair Constraint Graphs

It is possible to solve theaxis andy-axis constraint graphs that are implied by a particu-
lar sequence pair, and thus obtain the resulting packing, using a single-source longest-path algo-
rithm as descried in Section 2.4.4. As was discussed, the Bellman-Ford algorithm, vajelw)is
in complexity, can be used for this task. Since there is one constraint for every pair of variables,
and this constraint may appear in eitherxtw y constraint graphs Dv2/2 and the algorithm
will have O(n3) complexity. However, since the sequence pair guarantees that every packing is
feasible, the graphs are guaranteed to be acyclic, so more efficient algorithms can be used. As we
will show in Section 3.2.1, a simple levelized traversal of the constraint graph is sufficient. This
traversal can be performed (e) ,@|(n2) , time. This reduction in complexity validates our
previous claim that, when compared with the use of explicit two-dimensional compaction con-
straints, the sequence pair provides not only a reduction in the size of the search space, but also the
opportunity to make use of more efficient longest-path algorithms. In this section we review the
standard algorithm for performing the single-source longest-path computation and present our
own maodification which allows for incremental updates (edge/vertex additions/deletions) to the

graph.
3.2.1 Single Source Longest Path in Directed Acyclic Graphs

The single-source longest-path (SSLP) problem, finding the longest path in a weighted
directed acyclic graph (DAG) from a given source vertex to every other vertex in the graph, is well
known in the field of graph theory. In order to introduce our own madifications to this algorithm
for the processing of incremental graph updates, we will review the standard algorithm here. We
will be using a version of the algorithm from Cormen, Leiserson and Rivest [20]

A weighted directed acyclic grajghis represented as a set of vertigeand a set of edges
E, G = (V, E). Each edgee 0 E is an ordered péir V) which indicates that there is an edge
from vertexu 0 V (the source vertex) to vertex] V (the sink vertex). There exists a weight
functionw:E - O mapping edges to real-valued weights. A path in the graph corresponds to an
ordered sequence of edges, and the weight of a path corresponds to the sum of the weights along

the edges of the path. The algorithms presented here assume an adjacency list representation of the

1. As their source these authors cite Lawler [59], who considers this algorithm to be part of the folklore.
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graph. Each verteudV has a ligtdj[u] which contains pointers to all of the vertices
v [0 Vsuch that there is an ed¢e, v) fronbo v. The operator¥Y[G] and[G]  return a list of
the vertices and edges, respectively, in the graph. The oper@ipv) returns the weight of the
edge between verticesandv.

The algorithmDAG-LONGEST-PATHY() is shown below. It takes three parameters, the
graphG, the edge weights, and the source vertax

DAG-LONGEST-PATHSG W, s)

1 finish — TOPOLOGICAL-SORT(G

2 INITIALIZE-SINGLE-SOURCE( G s)
3 while u < LIST-POP-FRONT( finish )
4
5

for each vertex v O Adj[ u]
RELAX(u, v, w)

The algorithm begins by topologically sorting the vertices through the use of a depth-first
traversal of the graph. It then steps through the vertices in topologically-sorted ordelazad
each vertex in turn. We maintain two variables for each velrtgx] containing the predecessor of
vertexv in the longest path from the source vertex s, dng containing the distancetfram
along the longest path. At the conclusion of the algorithm the valuB$\df can be viewed as
forming a longest path tree, a rooted tree containing the longest patk fooewery other vertex
that is reachable from We discuss each of the sub-procedures below.

The process of topological sorting is performed with the use of a depth-first se&ch of
performed by the proceduf2~S() . DFS() is a recursive procedure, and the recursion returns
from the vertices in topological order, so the central actidbr8() is to push the vertices onto
the front of thefinishlist in the order that they return. It then returns this topologically sorted list
for use by the calling procedure. The purpose of the test on linBBS{) is ensure that discon-
nected graphs are fully processed.

The depth-first search begins by initializing all of the vertices. The vacall€gv] can
take on two values: WHITE indicates that the vertex has never been visited, while BLACK indi-
cates that it has. A global varialtime is maintained which will be used to keep track of the time
step at which each vertex is visited. Two time values are maintained for eachbeiltegcords
the beginning time at which a vertex is first discovered flahdeturns the time that the vertex is
finished. The algorithm then steps through each vertex and calls the recursive prédesiure

VISIT() for each vertex that has not yet been visil2BS() maintains its own predecessor
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TOPOLOGICAL-SORT(G)
1 cal DFS( G
2 return ( finish )

DFS(G)

for each vertex uld v[Qg
color [u] ~ WHITE
mfu] < NIL

time ~ 0

for each vertex uldV[G
if color [ ul=WHITE

DFS-VISIT( u)

FS-VISIT( u)
color [u] ~ BLACK
blu] < time ~ time +1
for each vO Adj U]
if color [ v]=WHITE
mv] < u
DFS-VISIT( V)
flu « time ~ time +1
LIST-PUSH_FRONT(finish , u)

O~NOO O PRrWNEPLPQg NOOPMAWDNER

variable, i{v] , for every node. This keeps track of the predecessor of the vertex in the DFS tra-
versal, and should not be confused withv] , the vertex’s predecessor in the longest path algo-
rithm.

TheDFS-VISIT() procedure begins by marking the vertex BLACK and setting its dis-
covery time. It then recursively visits all of the vertex’s unvisited neighbors, and completes by
pushing the vertex onto tliimish list and setting its finishing time. Notice that the time variable is
incremented at each step, so no two starting or finishing times will have the same value.

After the graph is placed in topological order we can proceed with the calculation of the
longest path, which is shown below.

During relaxation, the value dfv] can be thought of as lower bound on the weight of the
longest path from the source vertexitdach time thaRELAX() is called on a vertex the lower
bound is tested to see if it can be increased. Because the vertices are visited in topologically sorted
order, all predecessors of a vertex will have been evaluated before the vertex itself. Therefore, at
the conclusion of the procedurdy] will have been evaluated for every predecessor of v, and

this lower bound will be exact. See [20] for detailed proofs of the correctness of this procedure.
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INITIALIZE-SINGLE-SOURCE( G s)

1 for each vertex vOV[(G
2 M[v] < NIL

3 d[v] « -1

4 d[s] - O

RELAX(u, v, w)

1 if d[v] <d[u] +w(u, v)

2 d[Vv] < d[u] +w(u, V)
3 Miv] < u

The asymptotic run time behavior of the SSLP algorithm presented here is straightforward
to analyze. The loops at lines 1 and 5 of DFS() @Q(&/) . The recursive prodzi8re
VISIT() is called exactly one for each vertex, and its inner loop at line 3 is ¢Altgfu]|

times. Since
gVIAdi[U]I =E (16)
\"

DFS() isO(V + E). A similar argument shows that the cost of the loop at lindDAB-LONG-
EST-PATHS() is alsoO(V + E) . Since line 1 AG-LONGEST-PATHS()is O(V + E), and
line 2isO(V) , the total running time B(V + E)

3.2.2 Single Source Longest Path with Incremental DAG Updates

As discussed in Section 3.1, the movement of objects in a sequence pair placement repre-
sentation results in the insertion and deletion of a relatively small number of edges in the corre-
sponding x-axis and y-axis constraint graphs. Reconfigurations (i.e. rotations, chainings, etc.) of
objects in the placement result only in the modification of edges weights. As we will see in the
branch-and-bound sequence pair optimization algorithm discussed in Section 3.3.2, there are occa-
sions where constraint graph vertices may be inserted and deleted as well. In this section we dis-
cuss algorithms which support the incremental update of the SSLP calculations which take
advantage of the fact that these edge/vertex insertions/deletions do not cause major disruption to
the structure of the graph.

Recall that thdAG-LONGEST-PATHY() algorithm presented in Section 3.2.1 consists of
two major steps: ®&(V + E) topological sorting step followed (& + E) vertex relaxation

step. As we will show, our incremental SSLP algorithm makes use of the fact that the addition/
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deletion of edges in the constraint graphs will only invalidate the topological sorting order of verti-
ces which are “downstream” of this change. The algorithm propagates the extent of these changes,
minimizing the amount of work required to update the topological sorting solution. However, as
we will show, the vertex relaxation step must still be executed in its entirety, so the algorithm still
exhibits asymptoticallO(V + E) complexity. In fact, in the worst case it must still recompute the
entire topological sorting, incurring an additior@{V) time bookkeeping penalty. However, we
will provide some empirical data which demonstrates an average case runtime reduction of
approximately 13%.

Below we show modified versions of tBéS() andDFS-VISIT()  procedures which
are used to support our new incremental algorithms. The remaining procedures discussed in Sec-
tion 3.2.1 can be used without modification. These two new procedures are called under the
assumption that the state of some of the graph vertices will have been reset to reflect a depth first
search traversal which is only partially complete. We will then discuss several new procedures
which perform this state resetting, and which must be called on a graph when edges are deleted or
inserted, vertices are inserted or deleted, or edge weights are changed.

There are two major changes®&S() andDFS-VISIT() . First, a new vertex color,
GRAYhas been added to reflect the state of a vertex which has already been discovered but has not
yet been completely processed. In addition, we have added a secosdist, which records
the order in which the vertices are discovered, in the same wafrtisat records the order in
which the vertices are completed. When a change is made to the graph, the state of the vertex col-
ors are changed to indicate which ones must be re-processed. In addit@RAaNertices are
removed from thdinish  list, and allWHITEvertices are removed from both lists.

The most complex aspect of the nBFS() code is the new calculation of the current
value of thetime variable. This must pick up the time value at which the current partial traversal
“left off”. Line 8 reflects the situation in which the entire graph has been reset. Line 10 reflects the
condition that the finish list in empty, in which case the current time becomes equal to the time of
the GRAYvertex which had most recently been started. Finally, lines 12 and 13 indicate the condi-
tion in which some BLACK vertices exist. In this case the maximum valid time stamp in the graph
may either be on the vertex that most recently started or the one which most recently completed, so
the maximum of these two is used.

Note that the test at line 15 DFS-INCR() does not call DFS-VISIT-INCR() for verti-
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DFS-INCR(G)

O©CoOoO~NOU,WNPE

for each vertex uld V[G|
if color [u] =WHITE
m{u] « NIL
b[u -1
if color [u] #BLACK
flul -1
if LIST-EMPTY( start )
time 0

else if LIST-EMPTY( finish )

time «~ b[LIST-FRONT( start )]
else

time < MAX( f[LIST-FRONT( finish )],

b[LIST-FRONT( start )])

for each vertex uldVv[Qg

if color [ u] #BLACK

DFS-VISIT-INCR( u)

DFS-VISIT-INCR( )

O©CoO~NOUITA,WNPRF P

10
11

if color [ u]=WHITE
color [u] ~ GRAY
bl[u] < time ~ time +1
LIST-PUSH-FRONT( start , v)
for each v0O Adju]
if color [v] #BLACK
if color [ v]=WHITE
mv] < u
DFS-VISIT( v)
color [u]  BLACK
flul « time ~ time +1
LIST-PUSH-FRONT( finish , u)

ces which have already finished. It is this pruning of the depth first traversal which benefits from
the incremental update. If an incremental change to the graph leaves most of the vertices colored
BLACK, a significant amount of time will be saved. However, this time savings must exceed the
extra processing which must be performed in order to reset the state of the affected vertices. At the
end of this section we will show some examples of the effectiveness of this approach. Note that the
new incremental update code only applies to the DFS traversal and corresponding topological ver-

tex sorting. The SSLP relaxation step must be repeated in its entirety.

Below we show four procedures which must be called before a vertex is added to a graph,

an edge weight is changed, an edge is deleted, or an edge in added. We assume that if a vertex is

deleted from a graph all edges are deleted first, in which case nothing needs to be done. Hence
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there is NMDELETE-VERTEX-INCR() routine.
ADD-VERTEX-INCR(v)

1 color [v] — WHITE
CHANGE-EDGE-WEIGHT-INCRS$rc , snk,r )

1 w( src , snk) ~ r

DELETE-EDGE-INCR(src , snk)

1 if src # misnk] or LIST-EMPTY( start )
2 return

3 INCR-RESET(snk)

ADD-EDGE-INCR(src , snk)

1 if b[src]>b[ snk] and b[ snk] =0
2 return

3 else if b[src]<0 and b[snk]<O
4 return

5 if b[src]<O0

6 targ ~ snk

7 else

8 targ ~ src

9 INCR-RESET(targ )

We assume that when a vertex is added, it is added before any of its edges. The processing
of a vertex addition is therefore straightforward, requiring only that its color state be initialized to
WHITE. Edge weight changes are also simple. The order in which vertices are visited in the DFS
in independent of the edge weights, so nothing must be done. We will discuss the edge insertion
and deletion cases individually below.

Several examples of edge deletions from a DAG are shown in Figure 19. Here we show
the results of the previous DFS traversal with all edges intact[Twg, f[ v] beginning and fin-
ished time pairs are shown for each vertex, as well as the final contentstarthe andfinish
lists. The dashed edges markat] “b” and “c” will then be deleted from the graph in that order.

The case of edgea® demonstrates the main action of the edge deletion algorithm. This
edge is a “forward” edge in the graph, meaning that the source vertex of th@® edgalso the
DFS predecessor of the sink vertex;The deletion of this edge will effect the DFS traversal order.

In order to put the graph into the proper state we mustiiesetd all vertices which westarted
afterH, to WHITE because we do not know when they will start or finish. In addition, we must
reset vertice®, A andF to GRAYThese are the vertices which origindilyishedafter H—their
start times will not change, but their new finishing times will be unknown. In addition to resetting

the vertex color state, all ne@RAYvertices must be removed from theish  list, and all new
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INCR-RESET(targ )

1 if color [targ ]=WHITE

2 targ_white ~ TRUE

3 else if color [ targ 1= GRAY

4 targ gray ~ TRUE

5 if targ_white =FALSE

6 while start done =FALSE

7 v < LIST-POP-FRONT( start )

8 if color [v]=GRAY

9 v_gray ~ TRUE

10 color|v] ~ WHITE

11 if v_gray =FALSE

12 if (v= targ)

13 start  done ~ TRUE

14 finish_index « LIST-NEXT( finish , v)
15 LIST-ERASE( finish , v)

16 if targ gray =FALSE and targ white =FALSE
17 while  finish_done = FALSE

18 v « LIST-POP-FRONT( finish )
19 if v= finish_index

20 finish_done ~ TRUE

21 LIST-PUSH-FRONT( finish , v)

white vertices must be removed from both $iteat  andfinish  lists.

The code accomplishes this by erasing all vertices before and inclddingm the
start list and coloring themVHITE The same vertices are also erased fronfitligh  list. It
then erases all remaining vertices in flmgsh  list which originally came beford and colors
themGRAYThese two positions are marked in the figure with arrows in the two lists. This portion
of the algorithm is given in the pseudo-code forlth€R-RESET() algorithm.

The case of edgé™ is much simpler. Edges” is not a forward edge, and it was never tra-
versed by the original DFS algorithm. Its deletion will not effect the DFS traversal order and noth-
ing needs to be done when it is deleted. This case is tested for at lineELHTE-EDGE-
INCR() .

The case of edgec™ is special in that the source and sink vertices have already been
markedGRAYduring the deletion of edge™ They are present in thetart list but not the
finish list. Situations such as this will arise when multiple incremental graph modifications are
made before thBFS() algorithm is called to re-solve the graph. In such a case, if the sink vertex
is alreadyWHITE, everything potentially effected by this edge has already been reset so nothing

needs to be done. If the sink vertexGRAY as in this case, mark\WHITE and delete it and its

61



2,11
B »(D)5,6
/’ S
7 \\\
L T @
c .7 [N
4 Y
4 ~
i R @1314
,/ ’>:¥ !
1,26, 12,17 ,,——'b’ Y

START.MLKJIGFHEDCBA

FINISH:AJMLKFIGB“HEDC

a

C_

Figure 19: An example of incremental edge deletions from a DAG

predecessors as before fratart list (the finish  list is unaffected.) A similar situation can
also arise while we are resetting vertices as in casdf ‘at any point we begin to encounteRAY
vertices as we delete vertices from #tart  list, we know that they are not present in fine
ish list, so we should not try to delete them from finésh  list again. This is the purpose for
all of the tests for the col@RAYin theINCR-RESET() code. To unify this example, note that a
vertex may only be s&/HITE once, by its predecessor vertex, but it can b&sAaYmultiple
times by other edge additions/deletions to nodes that appeared earlier in the DFS traversal.
This example does not show any vertex additions because we assume that edges involving

newly added vertices will not be added before the vertex, and will not deleted again before the
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Figure 20: An example of incremental edge and vertex insertions in a DAG

graph is solved.

Examples of several edge addition cases are shown in Figure 20. The dashed’edges “
“b”, “c” and “d” will be added to the graph in that order. In addition, the dashed verkitaad
“y” are assumed to have been added to the graph since the lasDéeHi(Jo. Again we show the
original start and finish times of each vertex and the state aitdie andfinish  lists at the
beginning of the edge addition/deletion process.

Again, case d” is representative of the ordinary edge addition case. This new edge will be
a forward vertex, because the source vertex discovery time is greater than the sink vertex discovery

time, and the graph must be partially reset to reflect this change. The reset is performed in much
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the same was as with edge deletions, except that we must reset vekltibéig EEbeginning at the

source vertex, not the sink vertex. Note that this may be somewhat pessimistic (i.e. reset too many
vertices toWHITE) If we assume that new edges are added to the end of the edge list of a vertex,
we could reset the source vertexaBAYand leave all of the source vertex’s other sinks BLACK,
since we know that the newest sink vertex will always be started last. However, we cannot derive
this information from the start and finish lists, and more complex data structures would be needed.
The time savings resulting from this optimization are questionable, and we have elected not to pur-
sue it at this time. Instead, the only correct thing to do is to reset the source vertex to WHITE,
guaranteeing that all of its sinks will also be reset WHITE, and therefore the order in which the
sinks are re-visited is immaterial.

When edgeB” is added to the graph it will represents a backward edge, i.e. the discovery
time of the source vertex is already greater than the discovery time of the sink vertex. Therefore
the DFS traversal order will be unaffected by its addition, and nothing needs to be done. This con-
dition is tested at line 1 &DD-EDGE-INCR() and simply causes the incremental update algo-
rithm to terminate.

Edges ¢” and “d” involve new vertices which have been added since the last DFS tra-
versal. New vertices will be given start and finish times of -1, as shown. If the sink vertex is new
(case ¢”) we must reset the source vertex because we do not know if the edge will be a forward or
a backward edge. If the source vertex is new (cd3ewe need to reset the sink vertex since it
may lie on a new forward path. However if both vertices are new nothing needs to be done as they
currently represent a new disconnected sub-graph.

The run time of our incremental version of the SSLP algorithm is more difficult to analyze
than that of the non-incremental version. Of course, in the worst case, all vertices will be reset to
WHITEand the asymptotic run time will still &@(V + E) . In this case the actual run time will be
higher because of the extra overhead of performing the resetting operations. However, the average
case running time of our algorithm has the potential to decrease when the average number of reset
vertices is small.

As we noted previously, the top-le\@AG-LONGEST-PATHS()algorithm is unchanged
in the incremental implementation. It must still relax all of the vertices ifitished  list, so
its O(V + E) run time remains the same. Only the algorithnDiB5() has been modified. In the

best case, such as a sequence of edge weight changes and “backward” edge additions and dele-
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tions, none of the graph will be reset and the routie®-VERTEX-INCR() , CHANGE-EDGE-
WEIGHT(), DELETE-EDGE-INCR() , ADD-EDGE-INCR() , andDFS-INCR() will all exe-
cute inO(1) , so the actual run time will be approximatefy2 of the non-incremental version. In
the average case, the number of vertices which are reset is difficult to predict, as this depends on
the dynamics of the placement algorithm. The easiest way to evaluate the performance of the
incremental graph update algorithms is by experimental means.

Figure 21 shows the dynamic run time behavior of the non-incremental and incremental
SSLP algorithms on a problem consisting of 1,000 rectangles with randomly generated sizes. The
simulated annealing algorithm described in Section 3.3.3 was run for several thousand iterations
using a simple constant-rate cooling schedule, and the CPU time required to selaedheon-
straint graphs was measured for each iteration. Both experiments were started with the same ran-
dom number seed, so the sequence of moves were identical. In the two graphs, the solid red line
indicates a running average that is computed with a window size of 100 samples. The average run
time per iteration was 2.37 seconds for the non-incremental algorithm and 15.6% smaller, 2.00
seconds, for the incremental algorithm. It is not clear why the running average tends to decrease
over time in both graphs, or why there are so many outlying points with very high run times. These
may be due to operating system effects.

The distribution of solution times for the incremental algorithm is clearly bi-modal. There
is one tight band with a mean at 1.14 seconds, and a wider band with a mean at 2.47 seconds. The
lower band represents the best-case scenario in which the incremental algorithm does not reset any
vertices in the depth-first search, and for the most part is due to object rotation moves which, in
this run, accounted for approximately 1/3 of the moves.

This bi-modal distribution can be better understood with the use of the graph shown in
Figure 22. Here we measure the effectiveness of our node-resetting strategy. We find the percent-
age of the edges and the vertices that must be re-visited BF®¢NCR() algorithm and sort
them into bins. On the vertical axis we show the percentage of iterations that lies in each bin. The
lower two curves show the absolute percentage, and the upper two curves show a cumulative run-
ning total which must sum to 100% at the last bin. The data show that 27.07% of the vertices fell
into bin 0 (i.e 0% of the vertices needed to be re-visited), and 17.09% fell into bin 100. The
remaining 55.84% fall in between with a fairly uniform distribution. The edge data is similar:
27.07% of the edges fell into bin 0, 30.79% fell into bin 100, while 42.14% fell in between.
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Figure 21: Constraint graph solution times for the incremental and non-incremental
SSLP algorithms

Finally, we show how the incremental SSLP algorithm effects the total run time. An exam-

ple with 100 randomly sized rectangles was run to completion using the same simulated annealing

algorithm. The cooling schedule used 50,000 moves to arrive at a solution, and again the same ran-
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Figure 22: The percentage of edges and vertices reset by the incremental SSLP algorithm

dom number seed was used in both runs to guarantee identical moves. The non-incremental algo-
rithm ran for a total of 2040.7 seconds, while the incremental algorithm ran for 1762.5 seconds,
13.6% faster.

3.3 Optimization Formulations

In this section we discuss three different formulations of the pairwise relative placement
optimization problem. We make use of the sequence pair notation for the representation of the rel-
ative placement component of the search space. We discuss two exact formulations, one making
use of integer linear programming, and one using a branch-and-bound traversal of the search
space. We also describe a stochastic simulated annealing algorithm. We then conclude with some
experiments demonstrating the performance of the stochastic technique relative to an exact tech-

nique.
3.3.1 ILP Optimization

Efficient and powerful optimization packages exist for problems which can formulated as

linear programs. Ainear program, or LP, consists of a linear objective function and a set of lin-
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ear inequality constraints in which the free variables are real numbers:

minimize CX

subject to Ax<b x>0 an
whereXx is a vector of unknowns, is a vector of cost function coeffickngsa matrix of con-
straint coefficients, and  is a column vector of right-hand-side values.

If the unknown variableg are restricted to the integers, the problems are referred to as
integer linear programs (ILPs). Problems in which only a subset of the variables are restricted to
be integer are referred to mmxed ILPs (MILPs). If all of the variables are integer variables and
restricted to the domaifi0, 1}  the problems are calletl ILPs or pseudo-boolean optimiza-
tion problems [3].

In linear programs the constraints form a convex hull, and they can be solved in polyno-
mial time with methods based on the Simplex algorithm or the newer interior point algorithms
[94]. ILPs are much more computationally intensive to solve. Common solution methods for ILPs
[79] relax the integer constraints on the variables and then solve the corresponding linear program
in the conventional manner. A variable is then selected and rounded up or down to the nearest inte-
ger, yielding a sub-problem that is solved recursively in the same manner until an all integer solu-
tion is obtained. A branch-and-bound search algorithm can be defined on this recursive process to
obtain the optimum integer solution. Pseudo-boolean optimization problems can be solved using
conventional ILP techniques by simply introducing additional constraints on the variables to
restrict their domain. However, recent work by Barth [3] has demonstrated that techniques based
on boolean satisfiability show promise as well.

If we can formulate our placement problem as some form of linear program we can make
use of existing off-the-shelf optimization codes that have already been fine tuned for high perfor-
mance. Our formulation is written as an Integer Linear Program (ILP). It is derived from the work
of Sutanthavibul et al [115] and makes use of techniques from Devadas [21] and Gupta and Hayes
[34,35]. As described in Section 2.4, each pair of objects can be in one of four possible relative
positions, and this is enforced by introducing four constraints between every pair of @bjécts ,

exactly one of which will be “active” in any given solution. These are written as follows
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R,

Jij: X+ zhy + (1-z)w; < x; + K O(p; > py) O(n; >n;)]

j:JT: xi—zihj—(l—zj)wjzxj—K E[(pi<pj)D(r]i<r|j)] 8)
15: yi+ziwi+(l—zi)hisyj+K[[(pi<pj)D(ni>r]j)]
B.

jij- yi—Zjo—(l—Zj)hJ-Zyj—K E[(pi>Pj)D(ni>nj)]

Herex, I 0 andy, 0 are the unknown reeéxis andy-axis coordinates of the lower-left cor-
ner of rectanglé The constantk, 00 and; OO  represent the height and width of rectangle
An integer variableg, {0, 1}  selects the rotation of rectang#e = Oindicates that it is unro-
tated andz, = 1 indicates that it is rotated 90 degri€és.a suitably large constant, and the term
in brackets which multipliek acts as @aredicate that selects one of the four constraints. Exactly
one of the predicates will be zero in any given solution, in the remaining three constralfts the
term will cause the constraint to be satisfied automatically.

The free variablep 00 ang OO  in the predicate expressions are integer variables
representing the relationship between the two objestslj in the two sequence pairs. The vari-
ablesp;, ancbj represent the integer valued “slot”, or location, of rectdragieg in r*. Simi-
larly n; andr]j represent their locationslin . The predicate express the partial ordering between
o} andpj , and between, am]q in the two sequence pairs.

We require a set of bounding constraints for all objetttat ensure thas, anmgi  do not

exceedn, the number of objects being placed

l1<p,sm
(19)
l<n;sm
Note that we also requigg # P; angd# n; foriaf O 1...m  antj . However, these will be

handled implicitly by the constraints to be introduced next in Equation 20, so no further con-
straints are introduced here.

As written, Equation 18 does not represent a system of linear equations because of the
presence of the logicalF operator and the arithmetic “>” and “<" operators in the predicate
expression. The equations can be linearized with the following technique. We define two new
{0, 1} integer variablespij andij , for eathj) pair. We then introduce the following con-
straints onthgg ang sequence pair indices:
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Pi > Pj: (pi—pj)+K(1—pij)>O

P <Pj: (pj—pi)+Kpij>0
(20)

ni > Nj: (ni—nj)+K(1—ni,~)>0

nj <nj: (nj—ni)+Knij>0
in which K is a suitably large constant.

The constraints in Equation 20 operate as follows. Assumepﬁhat 1 . In this case the

constraint in Equation 20 labellgd > P is enforced, while the constraint Ialqn?Hedj is auto-
matically satisfied. Notice that the exclusivity constrapte P; rapﬁrvdr]j are handled implic-

itly in this formulation. However, the range constraints in Equation 19 are still required.
Using the fact that addition can be used to linearize the logical inclusive-or function, we
define four temporary integer variables as follows

1

Pij = P+
2
Pij =(1- pij) + (1—nij)
3 (21)
Pij = (L=py)+m
4
which allows Equation 18 to be written in its linear form as
qr: h < 1
d:}: xi—zihj—(l—zj)wjzxj—KPﬁ
(22)
T 3
dij: yi+ziwi+(1—zi)hisyj+KPij
B 4

ij -
The cost function for the ILP is defined as follows. Two artificial objects with zero width
and height are createsink, asuidll%, . Constraints are introduced to force all objects to lie to the
right of sink, and belowsinlg, .
0<% < (Xgin —2hj = (1-2)w;) -
0= = Vsink, ~2W; — (1-7)h)
foralli = 1...m. The cost function can be written as one-half of the perimeter of the packing,

which is simply
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COSt = Xgink *+ Ysink, (24)
Including routing effects in the ILP is a matter of augmenting the cost function to include
some linear measure of the routing cost. One possible metric discussed in Section 2.4.6 is one-half
of the perimeter of the bounding box enclosing two objects that must be connected with a net. The
cost function thus becomes
COSt= Xgin *+ Yeink, *+ Z X = x| +]¥i -l (25)
d(i, j) connected
In Equation 25 the absolute value terms are non-linear. However, they are straightforward
to linearize. To represent the absolute value fundfdn we create two new real varialfles
andb >0 , and impose the constraidts= a— b and =0 . Note that Estherb or must be
zero. Ifa = 0 thenZ<0 and = |Z . Converselylif=0 th&=0 amd Z . Therefore
we can write/Z| = a+ b . The constraiat[b = 0 is also nonlinear, but it can be linearized by
introducing a{ 0, 1} integer variable and writiraf9 + b(1—-s) = 0 . Thus, the cost function
in Equation 25 can be written as

COSt= Xgjn + ySinky + a, +b, + a, + by.. (26)
i d(i, j) connected ! ! ! !
if we introduce the following new constraints for all pairs of objeftsj) such that
i0{1..m},jO{1...m} and(i, j) are connected by a net in the schematic:
XI _XJ = axij - bxij
Yi _yj = aYij - inj
axij(sxij) +bxij(1_sxi,-) =0
(27)

aYij(SYij) * byij(l_syij) =0
OSSx” <1 Ossyij <1

axijzo b >0,ay”_20,b >0

TUX T Yij
The complexity of an ILP optimization problem is often characterized by its “size”
expressed as the number of constraints and variables in the problem. In the formulation described
above, the pairwise relative placement problemnfior  objects redkrines real varigbles ( and
Yi), om? {0, 1} integer variablesz Pij ,arltn|j ), aldh integer variabtes ( m|nd ) The
problem also specifie8m2+4m constraints (Equations 19, 20, 22, and 23.) If routing cost is

included in the cost function, as in Equation 26, an additianazl real variai;_l_esag,__ bX ,
ij ij

i ’
1]

71



and by.. ) and2m? {0,1} integer variables,( asg, ), as well as an additiemal con-
ij 1] 1J

straints (Equation 27), are required. These results are summarized in the following table

Table 2: ILP problem size form objects

no-routing | routing

. Z
real variables 2m 4m~ +2m

integer variables 2m 2m

{0, 1} integer variableg 2m’ +m 4m° +m

constraints 8m2 +4m 12m2 +4m

In practice, the computational cost of solving a particular ILP problem is most closely
related to the number of integer variables, which in this ca@ém;z) . This cost results from the
combinatorial branch-and-bound search which must be performed in order to obtain an optimal
integer solution for these variables. In the worst case, our problem formulation will require
O(2m2) variable relaxations in order to obtain an optimal solution. Clearly, the ILP formulation
has not allowed us to escape the NP-complete nature of the unbounded sequence pair bin packing
problem.

Many large ILP problems have been demonstrated to be solvable in the average case with
the use of sophisticated ILP solvers. However. these problems generally have some underlying
structure which allows effective bounding during the branch-and-bound variable relaxation step.
As we will demonstrate in Section 3.4, the dedicated branch-and-bound algorithm to be presented
next in Section 3.3.2, which is tailored specifically to our problem, showed poor bounding behav-
ior. This discouraged us from implementing the ILP formulation of the optimization problem,
though the details presented here remain useful as they provide some insight into the nature of the

search space.
3.3.2 Branch-and-Bound Optimization

Branch-and-Bound is a general optimization technique for combinatorial optimization
through systematic exhaustive search. Its main features are a recursive incremental search through
the search space and an ability to prune away parts of the un-searched space that can be shown to
be sub-optimal.

The pattern of search through the solution space can be viewed as a recursive search tree,
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Figure 23: A branch-and-bound search tree

as seen in Figure 23. The search begins at the root of the tree with all of the variable values unde-
cided. The search engine then selects one of the free variables and fixes it to one of its possible val-
ues, a process callédanching. The choice of which variable to select and which of its values to
assign are based on sodexision heuristic The tree is traversed depth-first until a leaf node, i.e.
a tree node corresponding to a complete assignment to the problem variables, is reached; this rep-
resents a feasible solution to the optimization problem. The algorithm cafdbkinack and
reverse the most recent decision in order to continue the search for the optimal solution. However,
the algorithm need not always explore all the way to a leaf node before backtracking. If it can
prove, at some internal non-leaf node, that the current partial solution will not lead to an optimal
solution, it canbound the search and backtrack immediately, potentially pruning away vast
regions of the search space. This exhaustive search is obviously combinatorial in nature, and obvi-
ously of exponential complexity. An implementation’s ability to bound is critical to its practicality.
Bounding is implemented as follows. In the case of a minimization problem, as it enters a
new node in the search tree the algorithm calculates aléweat-bound on the value of the cost
function for the current partial solution. The algorithm also maintains a glpip&r-bound on
the optimum solution, which corresponds to the best solution yet encountered in the search. If at
any time the local lower-bound becomes larger than the global upper-bound, the algorithm can
backtrack.
For branch-and-bound to be applied to a particular optimization problem it must be possi-
ble to calculate this lower-bound on the cost function when given a partial solution with some
parameters undefined. The tighter that it is possible to make this lower-bound, the more effective

the algorithm will be. The distinguishing features of a branch-and-bound algorithm are thus its
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branching strategy and its lower-bound calculation, and to a lesser extent its decision heuristic. We
will describe one possible branch-and-bound implementation for the rectangle packing problem
based on the sequence pair.

Given the sequence pair representation of the rectangle packing problem, the free parame-
ters are the slot numbers in the two seque(lﬁésr_) at which each rectangle is placed and the
orientation of each rectangle. The only constraints are that each slot in each of the two sequences
must by assigned to exactly one rectangle.

Our branching strategy seeks to build up the sequence pairs incrementally, starting from
length zero and building up to lengtlh At each branch in the decision tree, the decision being
made is which rectangle to select for placement and at which two slots in the partial sequence pair
it will be placed. This strategy is based on the observation that a partially constructed sequence
pair must contain the same set of rectangles in both sequences. One can view this process as gener-
ating all possible permutations, in a pair of sequences with identical members, in a recursive incre-
mental fashion.

We show an example of our branching strategy for a single sequence in Figure 24. Here
we have a set of four objects with the narhésB,C,D} and we show the search tree required
to construct all possible permutations of this set. At each level in the tree one of the un-placed set
members is selected for placement, progressing from left-to-right we select the members in the
orderA, B, C, D. The nodes at any given level are visited in top-to-bottom order. The different
branches at each level are distinguished by which “slot” in the partial sequence the new element is
placed. One can see that the leaves of the tree indeed contain all possible permutations of the set.

Figure 24 demonstrates how one searches a single permutation. However, the sequence
pair requires two permutations to be constructed simultaneously, and at every step in the search
tree the two partial sequences must have the same membership. This is easily accomplished by
extending the same branching strategy outlined above. Again the decision being made at each level
of the tree is which set member is selected for placement. The different branches at each level con-
cern which slot in the sequence each member is placed into, only now we must try all possible
combinations of slot assignments in both sequences. One can visualize this in Figure 24 by repro-
ducing a copy of the tree extending into the page in a third dimension. For example, at level-3 in
the tree we seledt for placement. Progressing top-to-bottom we assign the seqllIé'nce the

value (ABC) , and proceeding into the page we assign the seqlience the (VeBEps ,
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Figure 24: Branch-and-Bound permutation generation

(ACB), and (CAB) in turn. Then we try'+ = (ACB) and = (ABC), (ACB),(CAB) in
turn.

In addition to the sequence pair slot location, the decision tree must specify an orientation
for each rectangle. In the case of simple rectangles each block has only two orientations: rotated
by @ and 90. In order to include rectangle orientation, every object must be tried in every slot
location in each of the two rotations.

Using the branching strategy described above it is a fairly straightforward process to cal-
culate a lower bound on the value of the cost function at each node in the search tree. Each node

represents a packing of the rectangles which have already been assigned, all unassigned rectangles
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Figure 25: Example of routing effects in branch-and-bound placement

have not yet been placed in the packing. One can view this as a constructive placement process
whereby rectangles are selected one by one and placed in every possible relation to the rectangles
that have previously been placed. At each branch we solve the constraint graphs implied by the
partial sequence pair to obtain the area (or perimeter) of the current partial placement. This is obvi-
ously a lower bound on the area of the final placement—as new rectangles are added to the place-
ment the cost function is guaranteed to be non-decreasing. We maintain a global upper bound
which is the area of the smallest complete placement encountered so far, and if the lower bound,
the area of the current placement, exceeds this upper bound, it is clear that the algorithm can back-
track.

A nice property of this branching strategy is that one can backtrack between branches, for
example between the branchEs = (ABC), (ACB), (CAB) above, with a single pairwise
exchange. This leads to a very efficient implementation, as the constraint graph can be modified
incrementally as discussed in Section 3.2.

If this branch-and-bound algorithm is to be extended from the general rectangle packing
problem to the VLSI placement problem we must include the cost of routing in the cost function.
This turns out to be complex. Because the cost function is used to calculate a lower bound on the
cost of a partial solution, it must be non-decreasing as new objects are added to the partial place-
ment. However, this will not always be the case if a traditional routing metric is included, as shown
in Figure 25. Here, in Figure 25(a), three blocks are shown with a net between the centers of
blocksa andb. In Figure 25(b) a fourth blockd, has been added by a branch to a new depth in the
search tree. As can be seen, the distance between blacidc has decreased, and so will the
routing component of the cost function, yet the total area of the packing has not changed. It is
therefore possible for the total cost to decrease as new blocks are added to a partial solution, which

would imply that the cost function can no longer be used as a lower bound.
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We conjecture that this final problem can be solved by introducing wire-length minimiza-
tion [39, 55, 99] into the constraint graph solution step. As shown in Figure 25(c), btk
some range of motion in the solution over which the placement area doesn’t change—i.e. there is
some slack in the constraint graph. If blacls placed within its range of slack so as to minimize
the total routing length, the introduction of blatlkioes not decrease the total wire length in the
circuit. We postulate that the introduction of a new block into a compacted placement with mini-
mum wire length will never decrease the total wirelength, and thus the non-decreasing property of
the cost function will be maintained. Hambrusch and Tu [39] have develop@drgrihlogn)
algorithm for finding the minimum width layout among all layouts with minimum wire length dur-
ing horizontal 1-dimensional compaction, whefe is the number of horizontal wires and  is the

number of nodes in the constraint graph.

3.3.3 Simulated Annealing Optimization

Simulated annealing [50, 85, 91] is an optimization technique for combinatorial systems
which is based on a physical analogy to the thermodynamics of a solid crystallizing from a high
temperature liquid melt. In this physical system, the free parameters describe the positions of the
individual molecules, which are represented by spheres in a two-dimensional or three-dimensional
bounded space. The cost function, which is being minimized, describes the total energy of the sys-
tem which can be calculated as a decreasing function of the distance between the individual mole-
cules. In such a physical system a good way to obtain a high quality solid is to heat the material up
to a very high temperature and then slowly cool it until the material freezes out into its final struc-
ture.

Simulated annealing was first described by Metropolis et al in 1953 [75] for the purpose of
describing the state equations of physical systems of interacting particles which could not be found
analytically. Kirkpatrick et al [50] later demonstrated that it could be applied to the general prob-
lem of combinatorial optimization. The system energy could be abstracted to nearly any cost func-
tion, whether described analytically or experimentally.

Simulated annealing proceeds as a chain of modifications to the state of the system being
optimized. The set of transformations which take the system from one state to the next are referred
to as thanove set After each move the value of the cost function, referred ® as entrgy of

the system, is evaluated. The move is either accepted or rejected based on the change in energy,
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AE as follows:

if AE <0, accept the move

—AE/T (28)
if AE >0, accept the move with probabiliB(AE) O e

whereT is a parameter which decreases over the course of the optimization, and is a direct anal-
ogy to thetemperature of the physical system. This criterion for move acceptance is usually
referred to as the Metropolis criterion after its original authors [75].

A distinguishing feature of the Metropolis criterion is that it permits the process of “hill
climbing”. “Downhill” moves which decrease the cost function are always accepted. However,
“uphill” moves which increase the cost function are still accepted with a certain probability in the
hope that they will allow the system to escape from a local minimum. The probability function
P(AE) decreases exponentially with the increaséln , and has an inverse relation to tempera-
ture. At high temperatures nearly every uphill move is still accepted, while at low temperatures
only very small increases will be tolerated. This particular probability function relates the system
energy to the temperature through the observation that, at a particular temperature, the probability
that the system is in a particular state with en&gg/ proportional to the Boltzmann distribution,
SET

The simulated annealing algorithm initializes the system to a particular starting placement
at a particular temperature. It then proceeds to select random moves from the move set and evalu-
ate them according to the Metropolis criterion. Periodically, after some criterion (usually called the
“inner-loop criterion”) is met, the temperature is reduced by some amount until another criterion
(usually called the “outer-loop criterion”) is met, at which time the algorithm terminates. The inner
and outer-loop criteria, together with the temperature reduction function, collectively called the
cooling schedulecan have a profound effect on the quality of the final solution as well as on the
required computation time.

In order to tailor this generic simulated annealing strategy to a particular problem one
must first characterize the free variables which will be used to model the solution state space. Then
a set of moves must be selected that will allow the algorithm to traverse from one state to another.
Finally a number of implementation issues must be resolved concerning the detailed control of the
algorithm. A method for selecting the initial placement and initial temperature must be specified,
as well as the properties of the cooling schedule. We will discuss each of these topics in the follow-

ing sections.
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3.3.3.1 Solution Space Modeling and the Move Set

Our simulated annealing move set, designed for use with the sequence pair model for two
dimensional placement, is based on the work of Murata et al. [77]. The free variables are the two
mrvectors of the sequence paﬂf‘,+, ) , and an additiomaector of {0, 1} variables@ ,
called theorientation vector, representing rectangle orientation@f = 0, rectangkeunro-
tated in the packing, otherwise it is rotated 90-degrees.

The move set consists of seven different moves:

a pairwise interchange of two rectangle§ in

a pairwise interchange of two rectangle$ in

a pairwise interchange of two rectangles in both  rand
a translation of one rectanglel‘lﬁ

a translation of one rectangleflin

a translation of one rectangle in bath &nd

N o g s~ w DN PRE

a 90 degree rotation of one of the rectangles in the orientation vector

The translation moves select a random rectangle for translation. In moves 4 and 5, a ran-
dom distance (positive or negative) is selected and the rectangle is moved that distance in one of
the sequences. The rectangles between the old location and the new location are then moved over
one position to accommodate the move. If move 6 a different random distance is chosen for each
sequence and the selected rectangle is moved in both. The two pairwise interchange moves select
two objects at random for interchange.

We note that only moves 1,3 and 7 were used by Murata et al They have proven that these
three moves are complete, meaning that every possible placement is reachable from every other
placement. However, the additional moves make more placements reachable in a single move,
which increases the efficacy of the search.

As we will see in Chapter 4, it is trivial to extend the concept of the orientation vector to
include arbitrary objects with more than one possible rotation/mirroring orientation, and with
more than one possible configuration. The variables of the orientation vector correspond directly
to thed, decision variable discussed in Section 2.4.1.

Examples of the three move categories are shown in Figure 26. In Figure 26(a) we show
an example of move type 6, rectangle J2 is translat&d in by a distarbe of Tand in by a

distance of-6 . Figure 26(b) demonstrates an example of move type 3, rectangles J2 and J9 are
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Figure 26: Examples of the three major annealing move types




interchanged in both sequences. Finally, in Figure 26(c) we show an example of move type 7, rect-

angle J5 is rotated from a horizontal orientation to a vertical orientation.

3.3.3.2 Cost Function

One of the attractive properties of optimization through simulated annealing is that the
algorithm is extremely robust in the presence of almost any type of cost function. Simulated
annealing places no requirements on the linearity or convexity of the cost function. The cost func-
tion is not even required to be specified in an analytic form—cost functions derived through
numerical techniques or simulation are easily supported.

The only significant requirement on a cost function for use in a simulated annealing envi-
ronment is that the function must be unconstrained. The simulated annealing algorithm makes no
provision for the presence of infeasible placements in the search space. Infeasible placements can
be avoided by assigning them an infinite cost, in which case they will always be rejected, but this
solution has an unfortunate drawback. In the most general terms, the simulated annealing formula-
tion makes no assumptions about the convexity of the solutions space (indeed, one of its strengths
is that is requires no such assumptions). In a non-convex constrained space, it may be true that the
shortest path from the current placement to the global optimum passes through a region of infeasi-
bility. In fact, the current placement or the global optimum may be completely enclosed by an
infeasible region, and the algorithm may be required to take several steps through this region
before feasibility is regained. The capability to move through regions of infeasibility can be
extremely helpful in escaping from local minima.

The most common method for mapping solution space constraints into an unconstrained
simulated annealing formulation is to replace the constraints with a penalty term in the cost func-
tion. For example, in th&imberwolf-3.2standard cell placement and routing system [101,102],
constraints preventing the overlap of adjacent cells within a row are translated into a penalty term
in the cost function which is proportional to the amount of overlap. Timberwolf also includes a
penalty term which ensures that the lengths of the standard cell rows are reasonably uniform. A
second example is provided by tlean analog circuit placement tool [17,18]. AsTimberwolf-

3.2, Koan makes use of a cost function penalty term to manage illegal object ov&dapsalso
uses penalty terms to control an aspect ratio constraint on the layout and a maximum object sepa-

ration constraint between critical components.
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By treating the constraints as penalty terms in the cost function, at high temperatures the
annealing algorithm is free to traverse through an infeasible region of the original problem space.
As the temperature is lowered this becomes more and more difficult as the increase in cost
becomes prohibitive. In order to ensure that all of the constraints in the original constrained ver-
sion of the problem are satisfied in the final solution, it must be guaranteed that all of the penalty
terms are driven to zero at the termination of the algorithm. However, it can be very difficult to
tune the cost function to ensure that this is guaranteed. It may be true that an infeasible placement
provides such a strong gain in terms of one term of the cost function (say area) that it compensates
for the cost of the penalty term (say illegal overldpnberwolf-3.2uses a fixed weight on the
penalty terms, bufimberwolf-S(103] andKoan use a more sophisticated scheme which gradu-
ally increases the cost of the penalty term as a function of temperature.

Our simulated annealing formulation makes almost direct use of the general placement
and routing cost function outlined in Chapter 2 Section 2.4.6. The cost is the weighted sum of the

cost of the placement and the cost of an estimate for the routing:

cost = w, [placement w, [routing (29)

wherew; R is a real valued weight on terraf the function. Any of the methods for routing
cost estimation discussed in Section 2.4.6 may be used here depending on the degree of accuracy
required. In addition to the two options for placement cost outlined in Section 2.4.6, placement
area and placemenperimeter we support two other options within the simulated annealing for-
mulation of the sequence pair optimization problem: width (height) minimization with constrained
height (width), and area or perimeter minimization within a fixed aspect ratio.

In these latter two cases above we make use of the techniques described above to trans-
form these constraints into penalty terms in the cost function. In the case of a circuit with a fixed
dimension, say height, we write the placement cost as the sum of the width and the product of the

width and the height constraint violation:

. . eight . ,
Cwidth + w, ,, Cidth if (height> targej
_ la 1b
COS'i:’lacement_ @V tar_get ) (30)
O w, , Cwidth otherwise

wherew,, andw,,, are separate weight valuestargetis the target cell height. For area mini-
mization with a fixed aspect ration we use a similar function which penalizes aspect ratios which

are not equal to the target aspect ratio. We currently use fixed values for the penalty term weights,
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as the cost function has not proved to be overly dependent on this value and the adaptive weight

factor ageing techniques discussed above did not seem necessary.

3.3.3.3 Annealing Control

In an implementation of the simulated annealing algorithm one wishes to obtain a high
guality solution which is close to the global optimum, but one also faces a limited quantity of com-
putation resources. There are several algorithmic issues concerning the detailed control of the sim-
ulated annealing algorithm which have a direct bearing on the execution time of the algorithm and
on the quality of the final result. An initial placement and temperature must be selected, and an
appropriate cooling schedule chosen. The cooling schedule determines how many moves to make
at each temperature step, and the magnitude of the reduction in temperature at the end of each step.
A stopping criterion must be chosen to determine when the algorithm should terminate. Finally, a
method of move selection must be specified.

Early implementations of simulated annealing [101,102] used fairly simple heuristics for
each of these tasks, and often made use of a large number of user-specified tuning parameters
which had to be adjusted for each problem. However, recent work has shown that the link between
combinatorial optimization and thermodynamics, based on the original analogy to statistical phys-
ics, can be leveraged to provide adaptive problem-independent schemes for the control of the state
of the algorithm [56,57,85]. We draw most of the details for our implementation from the review
provided by Cohn [17]. One highlight of the techniques outlined here is that manual control of the
algorithm has been reduced to two user-tunable parameters.

Viewing the optimization problem as a thermodynamic system, the use of the Boltzmann
distribution as the basis for the Metropolis criterion assumes that the system is in thermodynamic
equilibrium. We will see that most of the recent techniques developed for the dynamic control of
the simulated annealing process adopt this as a constraint. They adjust the control parameters so as

to maintain the system in a state of quasi-equilibrium.

Initial Placement and Temperature Selection

It has been observed [102 p. 433] that if the initial temperature is selected to be high
enough, the initial placement will have no impact on the final solution quality. Hence it is normally

selected at random. We adopt the convention of Murata et al to begin the procd‘sJé with
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This has the effect of beginning with all rectangles lined up in a horizontal row.

We make use of an initial temperature selection scheme due to Huang et al [44], which is
based on an analysis by White [125]. They observe that at an infinite temperature the probability of
visiting any particular state is equally likely, and make the assumption that the density of states
with a particular energy approaches a Gaussian distribution near the average energy. The tempera-
ture is judged to be high enough if the distribution of the density of states which are visited
approximates this gaussian distribution, and this will occur Whem , where is the standard

deviation of the energy distribution. The initial temperaflife is computed using the equation
T, = ko. (31)
The constank is selected such that the temperature will be high enough to accept, with probability

P, a state whose energy is three standard deviations worse than the mean. Thus,

- _ 3
k = ne)" (32)
If we assume that the distribution is indeed gaus$tdang85% kand20 . In order to determine

the standard deviation of the cost density we begin the simulation at an infinite temperature and

run the algorithm until our equilibrium detection criterion, discussed next, is satisfied.

Inner Loop Criterion (Equilibrium Detection)

The “inner loop” criterion in the generic simulated annealing algorithm determines when
an adequate number of simulations have been performed at the current temperature, allowing the
temperature to be reducedmberWolf-3.4102] used a piecewise constant cooling schedule with
a fixed number of iterations at each temperature. We make use of an adaptive technique due to
Huang et al [44]. Following from the physical analogy, we judge that it is safe to decrease the tem-
perature when the system has reached thermal equilibrium at the current temperature. In thermo-
dynamics, equilibrium represents a steady state condition in which the probability distribution of
all reachable states has stabilized. However, in practice this will never occur as the number of
reachable states is enormous. Instead, the authors use a more practical definition for equilibrium
based on the goal that the probability distribution of the systeergywill have reached steady
state.

Equilibrium is established when the ratio of the number of new states generated with their

costs within a certain range®d  of the average €ost |, to the total number of new states, will reach
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a stable valugr . Herd is called ts&mpling range If the state distribution is assumed to be
gaussian (strictly true only at high temperaturgs¥k erf(d/ o) . A typical valué for is half of
the standard deviation of the cost distributiOrbo . Ther, erf(0.5 = 0.38

Using the notation of Cohn [18], this scheme is implemented by establishing a two-bin
counting system. We monitor the average cost of the system over the current temperature step. A

successful move is placed in the first bin, calledathigin-count if its cost falls in the range

C-

NIQ

< cost< C + g (33)

and it is placed in the second bin, calledttiierance-countif it falls outside of this range. Upper

limits are placed on the sizes of these two bins as follows:
Xinsige = ©rf(0.9 t(hD = 0.381D
Xoutside = (1—erf(0.9) thD = 0.62nD

whereD is a measure of the problem size, in our case the number of rectanglgs, and s the first

(34)

of our manual tuning parameters (a value of 3 is suggested). If the size of the within-count reaches
Xinside P€fOre the tolerance-count reach@ssiqe we judge that equilibrium has been achieved. If
the X putsige liMit is reached first we assume that equilibrium has not been reached, and we reset all
of the counters and begin counting again.

As a practical matter, the authors observed that the maximum nunditgroptednoves
must be given a fixed upper limit at low temperatures because equilibrium may never be reached.
Cohn [17] notes that this is because the extremely small variation in the cost of accepted moves
implies a very small value af  and thus a very tight sampling range. The authors suggest that this
upper limit be set to the number of staMswhich can be reached in one move. In our case
M=m (there arean(m—1) possible pairwise swaps angtation moves.)

In addition, in order to guarantee that the collected statistics are valid, the authors also
enforce a lower limit on the number afceptednoves at each temperature. This limit is also set
to M. Obviously at low temperatures we may never reach this lower limit on accepted moves while
the upper limit on attempted moves is in force, so if this occurs we relax the upper limit to a maxi-

mum of4M .

The Temperature Decrement

When equilibrium has been established the temperature is reduced so that the system may
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equilibrate at the new temperature. In order to determine the value of the new temperature we
make use of an adaptive technique also due to Huang [44]. Their goal is to ensure that the average
cost of the system decreases at a uniform rate. Formally, the slopexoh#@ing curvea plot of

the average cost versus the logarithm of the temperature, is to be held constant. The choice of a tar-
get slope is made by requiring that a state of quasi-equilibrium be maintained across temperature
changes. For this to hold, they require that the expected decrease in average cost be less than the
standard deviation of the co&C = -Ac . Heve 1 is the second of our manual tuning param-
eters (a value of 0.7 is suggested). From these requirements the authors derive the following

expression for the new temperatdre, based on the current temp@rature
AT,
- o7 g
Tivq = T BXPT—1 (35)
As a practical matter the rafig , /T,  must be given a lower bound, typically 0.5, to pre-

vent drastic cooling at high temperatures where is extremely large.

Outer Loop Criterion (Frozen Condition Detection) and Greedy Descent

The “outer loop” criterion in the generic simulated annealing algorithm determines when
the algorithm can be terminated. Following from the physical analogy this is often calfeat the
zen conditionas it marks the temperature at which the energy has reached its apparent minimum.
This would imply that a local minimum of the cost function has been found and the temperature is
too low for the algorithm to climb out of it.

The frozen condition is commonly detected either by stopping at a fixed temperature [102]
or by observing the average or equilibrium cost over three or four consecutive temperature steps
and terminating when no change is observed [17]. Huang et al [44] adopt a different approach. At
each equilibrium point, they compute the difference between the maximum cost and the minimum
cost seen over the current temperature. If this is equal to the change in cost seen by a single
accepted move, they observe that the costs of all of the reachable states are of comparable costs
and there is no need to use simulated annealing. Instead they terminate the algorithm and switch to
a standard “greedy” random selection algorithm.

One could extend the above argument and observe that, sufficiently near a local minimum,
the cost function over the reachable states will become convex, meaning that the minimum can be

found with simple greedy descent, and hill climbing is no longer necessary. In fact, random greedy
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search may not be the most efficient method for performing this greedy descent. If one’s cost func-
tion is differentiable, or at least relatively smooth, it may be better to make use of more sophisti-
cated methods for nonlinear gradient descent [98].

In effect Huang et al are simply lowering the temperature to zero when the system freezes,
but otherwise they are still using the same algorithm. Their method is equivalent to the more tradi-
tional approach of continuing to lower the temperature as normal until the true local minimum if
found. Therefore, we use the simple heuristic from Cohn [17] discussed above. We observe the
equilibrium cost over four successive temperature steps and terminate when no change is
observed.

After the frozen condition has been met we terminate simulated annealing and begin an
optional phase of greedy descent. The previous four temperature steps have demonstrated that ran-
dom greedy descent has become inefficient. However, to be absolutely certain that we have indeed
reached the local minimum, we exhaustively try every possible unit distance move. We try every
possible pairwise swap and every possible rectangle rotation. Thisntgkes iterations, the same

number as the worst-case upper bound over each temperature step.

Move Selection and Range Limiting

There are many techniques for selecting moves from the move set. Central to these are the
observation that some moves are more likely to be accepted than other moves, and this likelihood
changes over time. Highly disruptive moves may be accepted readily at high temperatures, and
they are very useful for exploring the search space, but they will almost always be rejected at lower
temperatures. In addition, different subsets of the move set may have very different cardinalities.
For example, in our case, there a)(amz) different pair-swap moves, buoO¢niy different
object rotation moves. In this case it makes sense to select pair swap moves much more often.

An intelligent move selection heuristic can have a large impact on the efficiency of the
simulated annealing algorithm and on the quality of the results which are obtained. The standard
approach [102] has the programmer partition the move set into different classes and assign fixed
selection probabilities to each class. To account for temperature dependence, these selection prob-
abilities may be a function of the temperature.

One particularly useful schemes for controlling move selection is through the use of tem-

perature dependemtnge limits [50]. For example, th&imberWolf-3.2standard cell placement
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tool [102] encloses each cell within a window, outside of which it is not permitted to move. Since
large moves are much more disruptive than small moves, this window is reduced as the tempera-
ture decreases until only nearest neighbor moves within the same row are permittédaihe
analog placement tool [17] discretizes move range into four categories: Extra-Large, Large,
Medium, and Small. Each move range can then be assigned a different temperature dependent
probability of success.

Static move selection approaches suffer from the disadvantage that they are very problem
specific and require a lot of hand tunikgan[17] makes use of an adaptive scheme attributed to
Hustin [46]. Here, each move class is given an initial static probability of success with a uniform
distribution. During each temperature step the algorithm monitors the effectiveness and probability
of success for each move class and, when equilibrium is reached, the selection probabilities are
dynamically modified for the next temperature step. For each move, tyggecontribution to the
total cost is calculated as

Nt
ACost = z ACost ofky, accepted move of type (36)
k=1
whereN, is the number of accepted moves of typetemperaturd. We can then calculate a

guality factor for move typeas

ACost
t= N (37)
t
This quality factor favors moves which were accepted very often, or even if accepted rarely, pro-
vided large cost increases. The probability for selection for each movePtype, , is then calculated
as follows:

P, = (38)

Q
2%
This adaptive scheme is not easily defined in the presence of range limiting when the
range limit has a continuous value. Thus discretized range classes, as Ksed, laye required.
As in Koan, we define four different range classes for our translation and pair-swap moves. How-

ever, it is important to understand that the concept of movement range in our symbolic sequence

pair model has a slightly less precise definition than in the direct mod€isloérWolf-3.2and
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Figure 27: An example of sequence pair move ranges in a sequence of length 16
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Koan Distance values are restricted to the domain of the integer sequence pair slot numbers.
Given a single rectangle, rectangles at successively larger index numbers will lie at physical dis-
tances which are non-decreasing, but the relationship is not linear as in the direct model. Further-
more, a pair of rectangles separated by a distance of, say, 5 index numbers may in fact lie closer to
each other than a different pair of rectangles separated by a smaller symbolic distance of, say, 3
index numbers.

As in Koan we patrtition the sequence pair translation and pair-swap moves into four range
classes. Below we enumerate the definitions for these classes. We assume that we ara placing
objects (and thus the two sequences are of lemytland that we are discussing the distatice
from an object at indeix

e Smal:d =1

* Medium:2<sds(m/4)-1

 lLarge:(m/4)<ds(m/2)-1

o XlLarge:(m/2)<d<maxim-i—1)

A demonstration of these sequence pair move ranges is shown in Figure 27. Here we show
a sequence pair of length 16. The objects with the smallest possible move range are in the center at
slots 7 and 8, we show the limits of the four different range classes for the object in slot 7. Note
that the XLarge move is only possible in the positive direction.

Object translation moves are relatively straightforward to define in terms of these move
ranges. The move generation algorithm randomly selects an object for translation, and randomly
selects one of the four move ranges. It notes the current index number of the object and selects a
new index that satisfies the move range constraint. Move ranges for pair swap moves are equally
straightforward to define, with one complication. For pair-swap moves in a single sequence, we
again select a random sequence index and a distance within the move range. The object at the two
resulting indices are swapped. However, pair-swap moves which switch the items in both

sequences are difficult to define in this manner. It would be somewhat time consuming to choose a
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pair of objects which obey the distance constraint in both sequences simultaneously. Therefore,
simultaneous pair-swap move are only given an extra-large move class.

We have implemented th&an scheme for adaptive move selection making use of our
four-class move range for sequence pair translation and pair-swap moves. However, we have found
that it can be very difficult to guarantee the numerical stability of this technique. Quality factors
tend to become so polarized that the resulting probabilities become either 0% or 100%, strongly
favoring one move type over the other. In addition, moves with extremely low probability may not
be attempted enough times to allow the algorithm to gather a statistically significant quality factor
value for use during the following time step.

To address the statistical significance concern Cohn [17] notes that some (unspecified)
facility must be used to guarantee that a minimum number of moves of each type are performed at
each temperature. Ochotta [82] makes use of Cohn’s technique as well, but instead of re-calculat-
ing move probabilities at each temperature decrement, he breaks the annealing process up into
fixed intervals, called statistical intervals, and begins each interval with a fixed number of moves
of each type. As an alternative, we simply define a minimum allowable probability value for each
move type. If any move probability falls below this range, we increase its probability value to this
minimum and re-scale the remaining probabilities. For robustness, we also allow a user-selectable
mode which simply assigns all move classes a uniform probability throughout the entire optimiza-

tion.
3.4 Experimental Evaluation

In order to assess the feasibility and effectiveness of our optimal formulations of the
sequence pair based placement optimization problem, as well as our heuristic simulated annealing
formulation, we have conducted a number of experiments using prototype implementations of the
branch-and-bound and simulated annealing algorithms. The objects being placed were simple rect-
angles without routing. The problems consists of artificial benchmarks constructed from rectan-
gles of a randomly generated size. All experiments were conducted on a 170MHz Sun UltraSparc

workstation with 128 megabytes of RAM.
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Figure 28: Branch and Bound run time experiments

3.4.1 Branch and Bound Algorithm Experiments

In examining the Branch and Bound algorithm our primary interest was in determining the
number of rectangles that can be placed in a reasonable amount of time, and to investigate several
different heuristics involved in the algorithm. In the first experiment we produced example prob-
lems using rectangles with randomly generated sizes (uniformly distributed between 1 and 100
units on a side). Problems of size 3, 4, 5, 6 and 7 rectangles were produced, with 10 examples of
each size. We ran the algorithm using three different branching heuristics: 1) choose rectangles in
largest-first order, 2) choose the rectangles in smallest-first order, and 3) choose the rectangles in a
random order.

We would expect heuristic #1 to be the most effective, encouraging the algorithm to bound
more quickly, and this is indeed what we saw. The data is graphed in Figure 28. Here we show,
over the ten examples of each size, the average number of placements that were explored before
the optimum solution was found and verified. The graph is plotted on a logarithmic scale and
clearly shows the exponential nature of the problem complexity. For problems sizes on the order of
1-10 rectangles the DAG SSLP algorithm required approximatély 107 seconds to evaluate
each placement, so even with heuristic #1, problems with 7 rectangles took on the order of 1,000
seconds of CPU time, and we are doubtful that problems of size 8 could be solved in a reasonable
amount of time.

Another question worth asking is how important it is to obtain a good initial upper bound.
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If it is critical to begin with a very tight initial upper bound, it may be prudent to run a quick simu-
lated annealing step to generate the bound before the Branch and Bound algorithm is started. We
conducted an experiment in which we ran the Branch and Bound algorithm once to obtain the opti-
mum solution. We then fed the cost of the optimum solution as a user-supplied (exact) upper-
bound into a second run of the Branch and Bound algorithm and ran the example again. The ran-
dom decision heuristic was used. We discovered that the Branch and Bound algorithm generally
converges fairly rapidly to an upper bound which is close to the optimum, and little run time was

saved. The data is shown below:

Table 3: Effect of Exact Upper Bound

—

# rectangle§ no upper bour|1dexact upper boun

run time (sec.) | run time (sec.)
4 0.673 0.655
5 30.874 29.344
6 53.478 49.589
7 5,872.3 5,625.7

Our final experiment was intended to examine how effectively the lower bounding crite-
rion is operating. It is interesting to examine the number of times the algorithm bounds itself at
each depth in the decision tree. Obviously the bounding operation prunes significantly more of the
solution space at smaller tree depths. The experiment in Table 4 was conducted with 7 rectangles
and used the random decision heuristic. Recall that the size of the solution Q%né)lzs which,
for n = 7, equals3.251404x 18 . The algorithm ultimately explored 18,492,847 of these place-
ments, a reduction of approximately two orders of magnitude, in 7,932.2 CPU seconds.

In Table 4, decision level 0 is the root, and decision level 6 would correspond to the leaves
of the tree. The vast majority of pruning occurs at decision level 5, thought some does occur at lev-
els as shallow as 3.

Clearly the upper limit of about 7 on the problem size does not suggest that the Branch and
Bound algorithm will be a practical option in its current form. We have targeted designs of approx-
imately 30 to 50 transistors as a reasonable goal, which would require an order of magnitude
increase in the capability of the Branch and Bound algorithm. Possible ways of achieving this goal

will be a significant topic of future work. As in [84] it is possible to recursively partition larger
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Table 4: Bounding by Decision Level

Decision Level| # bounds
0 0
1 0
2 0
3 3,372
4

5

228,403
4,452,480
total 4,684,255

problems into problems of size 6 or 7, though it is unclear how the solution quality will be main-

tained as the locally optimal sub-problems are recombined.

3.4.2 Simulated Annealing Algorithm Experiments

The results of Section 3.4.1 indicate a lack of success in achieving global optimality for
reasonable sized problems when using the branch and bound formulation. These results discour-
aged us from implementing the Integer Linear Programming formulation of the exact problem. It
is our belief that the combinatorial size of the placement problem search space is fundamental to
the problem itself, and it is unlikely that the ILP formulation would be much more successful in
pruning the space. Therefore we concentrated our efforts on the implementation of the heuristic
simulated annealing formulation.

Because of the stochastic nature of the simulated annealing algorithm, it is impossible to
obtain exact and repeatable runtime information for a particular placement as with the branch-and-
bound algorithm. Rather, one adjusts the tunable parameters of the annealing control algorithms in
order to obtain acceptable results in an acceptable amount of time. In Figure 29(a) we show the
results of a series of runtime experiments conducted with the annealing control algorithms dis-
cussed in Section 3.3.3.3. Benchmarks with increasing size were placed using the default anneal-
ing control parameter values gf = 3  aikd= 0.7 . Ten randomly generated examples of each
size were run and the average runtime observed. As shown in the figure, the control algorithms
which we have adopted result in runtimes which are somewhat sub-exponential in the problem

size. This result indicates that the simulated annealing algorithm does not free us from the expo-
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(a) optimal solution, area = 1.00000 (b) annealing solution, area = 1.05144

Figure 30: An example of a 100 rectangle perfect benchmark

nential nature of the search space. However, the implementation presented here has reduced the
rate of exponential growth to an extent that permits problems of several hundred objects to be
solved.

It is also interesting to examine the impact of increasing problem size on the runtime of
the simulated annealing inner loop, i.e. the execution time of a single move. The most expensive
operation required to perform a move is the solution of the sequence pair constraint graph.
Figure 29(a) shows a series of experiments conducted on randomly generated examples over a
wide range of problem sizes. The CPU time per iteration was measured and averaged over 100
iterations for each example. The data shows an excellent fit to a quadratic curve, verifying the pre-
dicted O(nz) asymptotic complexity of the constraint graph SSLP algorithm.

While the simulated annealing algorithm is delivering reasonable execution times, it is
natural to question the quality of the resulting solutions. In order to examine this question we con-
structed a set of “perfect” artificial benchmark problems with known optimal solutions. To obtain a
benchmark consisting ofrectangles, an exact square with a normalized area of one is recursively
slicedn—1 times. At each step a randomly selected sub-rectangle is given a cut in a random
direction (either horizontal or vertical) at a random coordinate on the selected axis. The cut coordi-
nate is biased toward the center with a Gaussian distribution. An example of a perfect benchmark
problem with 100 rectangles is shown in Figure 30. Figure 30(a) shows the optimal solution while

Figure 30(b) demonstrates a solution obtained with our simulated annealing placement algorithm.
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Figure 29: Simulated annealing run time experiments
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Figure 31: The area distribution of one hundred different solutions to the same randomly
generated artificial problem.

Because the simulated annealing algorithm is based on a random stochastic process, it is
likely that a different solution will be obtained each time that it is run. Naturally, the quality of the
final frozen solution will be different each time as well. One method for judging the quality of the
final solution is to study the distribution of solution cost over a number of separate optimization
runs. In Figure 31 we show data taken with one hundred optimization runs over the same 100-rect-
angle perfect benchmark. This histogram is roughly gaussian in shape, indicating a fairly well

behaved random process. Some statistics derived from this data are given below in Table 5. We

Table 5: “perfect” benchmark experiment statistics

Smallest Area| 1.04422
Largest Area | 1.14918
Mean Area 1.07868
Area Std. Dev,| 1.84596x 10°

can see that the area of the smallest solution is 1.86 standard deviations below the mean. This
result suggests that it is generally advisable to run multiple optimization passes when using simu-
lated annealing in order to obtain the best possible solution quality. However, it has been shown
that it is not necessary to start the optimization from the beginning each time. Random restarts [85]

from the intermediate temperature regime tend to result in the same statistical spread as restarts
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Figure 32: Simulated annealing “perfect” benchmark experiments

from an infinite temperature.

As a final experiment we conducted tests on atrtificial “perfect” benchmark problems of
various sizes. Ten examples of each size, with problems ranging from ten to one hundred rectan-
gles, were optimized using simulated annealing. The results of this experiment are given in
Figure 32 where we show the minimum, maximum, and average placement area for each problem
size. It is interesting to note that the area of the selected minimum solution appears to be relatively
independent of the size of the problem. This result indicates that our annealing control mecha-
nisms are performing reasonably well at adapting the execution time to the problem size. However,
the wide variability in the area of the maximum solution does indicate a somewhat unstable sto-

chastic process and emphasizes the need for multiple optimization restarts.
3.5 Summary

The subject of Chapter 3 was the symbolic sequence pair notation for the representation of
the pairwise relative placement model. In the first half of this chapter we reviewed the sequence
pair notation, which was developed by Murata et al [77], and elaborated at length on its implemen-

tation in a complete placement environment. We demonstrated how the sequence pair notation
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eliminates the infeasible placements from the search space and how we can take advantage of this
when designing more efficient algorithms for the solution of the resulting constraint graph. In this
context we introduced a new algorithm for the incremental solution of the Single Source Longest
Path problem. The incremental nature of this problem occurs because of the fact that moves within
the sequence pair solution space result in small local changes to the constraint graph, and this can
be leveraged to avoid re-solving the entire graph from scratch.

The second half of this chapter was concerned with the implementation of a placement
optimization framework built around the sequence pair notation. We developed two provably opti-
mal approaches based on integer linear programming and branch-and-bound, respectively. We also
discussed a simulated annealing approach which is based on previous work by Murata et al [77]. A
set of pilot studies conducted with the branch and bound algorithm indicated that it would only be
possible to obtain optimal solutions for problems of extremely small size, perhaps six to eight
objects. For this reason we chose not to pursue the optimal approaches and instead concentrated on
the simulated annealing implementation.

A sophisticated adaptive annealing control environment, used to control system cooling
and move selection, we developed based on work by Cohn [17]. An extensive set of pilot studies
verified the power of the simulated annealing implementation and its ability to obtain near optimal
solutions for problems of one hundred objects or more. However, it was observed that statistical
variance across multiple annealing runs suggests that multiple optimization trials will often be

required in order to assure the location of a good local minimum.
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CHAPTER 4

Transistor Level Micro-Placement and Routing

4.1 Methodology

In Section 1.3 of Chapter 1 we outlined the basic flow of our proposed methodology for
two-dimensional digital cell synthesis. This flowchart, originally shown in Figure 5, is repeated in
Figure 33. In a significant departure from traditional row-based cell synthesis techniques, our
methodology adopts a very general model based on unconstrained placement and routing. Given a
sized transistor netlist as input, in addition to the design rule database and a cell template, we pro-
ceed through four steps: static clustering, placement, routing, and optionally compaction.

In this chapter we present each of these steps in more detail. Section 4.2 reviews the theo-
retical framework behind transistor chaining, a concept which is critical in achieving dense layouts
for digital circuits and a central issue in all stages of the methodology. Section 4.3 presents the
details behind our transistor clustering algorithm. Section 4.4 discusses the problems which make
detailed transistor-level placement, which we refer tma&so-placementdistinct from ordinary
block level macro-placement. This section can be viewed as an extension to the generic placement
algorithms developed in Chapter 3. We discuss our technique for dynamic transistor chaining, as
well as our support for arbitrary geometry sharing outside of the transistor chains. We also address
the details of the cell template, the placement cost function, and the routing model which is used in
placement. The routing model addresses two separate issues: estimation of routing length, and
estimation of routing area. We conclude with a brief discussion of the placement and compaction

stages, both of which are performed with third-party tools.
4.2 Transistor Chaining

As can be seen in the manually designed mux-flipflop circuit shown in Figure 3 on Page

16, transistors are rarely placed in the layout as individual isolated objects. In order to achieve high
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Figure 33: Proposed methodology for two-dimensional cell synthesis

density, most transistors are grouped into rows which share a single continuous strip of diffusion.
Transistor chaining improves circuit density in two respects. First, because the sources or drains of
adjacent transistors are overlapped and merged, the total size of the transistor group is reduced.
Second, the need for a wire is eliminated as the electrical connection between adjacent transistors
is formed through their shared diffusion contacts. This observation forms the basis of the row-
based one and 1-1/2 dimensional placement techniques which we reviewed in Section 1.2.

The traditional row-based cell synthesis techniques place a highly stylized restriction on
the appearance of the cell layout. All transistors must be placed in chains, and these chains must be
placed in one or more parallel rows. (Recall that one-dimensional, or “dual-row” techniques allow
only two rows, one consisting of all p-channel transistors and one consisting of all n-channel tran-
sistors, and these two rows must be duals of each other. The 1-1/2 dimensional techniques allow
more than two, possibly non-dual, rows.) In order to achieve dense layouts for complex non-dual
non-ratioed digital circuits, we wish to remove the restrictions imposed by these highly con-
strained layout styles. However, as we see in the mux-flipflop layout, we cannot abandon the con-
cept of transistor chaining altogether.

In this section we review the theoretical concepts behind transistor chain optimization. We
discuss an algorithm that finds a transistor ordering that minimizes the chain width. We also exam-

ine the issue of routing within the chains and how this effects the chain height.

4.2.1 Overview

Given a set of transistors that all share the same well (i.e. they are all of the same polarity

100



and they all share the same body voltage), these transistors can be arranged in a single transistor
chain. Without loss of generality, in this discussion we will assume that a transistor chain is ori-
ented horizontally with the transistor gate terminals oriented vertically. Each transistor within a
chain has two degrees of freedom:

1. the left-to-right orientation of the transistor within the chain (i.e. either source-gate-

drain or drain-gate-source)

2. the relative position, or index, of the transistor within the chain

The central problem in the optimization of a transistor chain is the selection of an orienta-
tion for, and a linear ordering among, the transistors within the chain. We refer to a particular
assignment to these variables as a trans@dtaining. Both the width and height of a chain is
dependent on the chaining which is selected.

A patrticular ordering affects the width of a chain in two respects. First, we observe that if
two adjacent transistors share the same electrical node the two shared terminals can be merged so
that their geometry is shared. If they do not share the same electrical node the two terminals may
not overlap, and in addition they must be separated by the proper diffusion separation design rule,
thus increasing the width of the cell. This increase in width is commonly referred thffasian
break. Second, we observe that if two diffusion shared terminals must be connected to a third ter-
minal, either inside or outside of the chain, the adjacent polysilicon lines must be separated by a
diffusion contact, but if no other connection is necessary the contact may be removed, thus
decreasing the width of the chain.

The chaining selection also has the potential to affect the height of a transistor chain. The
height of a chain is commonly defined as the number of routing tracks required to complete all
electrical connections within the chain that are not made through transistor abutment. These intra-
chain routes are commonly made using a channel routing model and different chainings may
require different numbers of routing tracks.

As an example, in Figure 34 we show two different chainings for the same transistor sche-
matic [73]. Both chains have one diffusion break, but chaequires one fewer horizontal routing
track than chain. Chain2 is also slightly narrower because the shared node between trarsistors
andb can be made without a contact. We should point out that, in this case? ehasnactually
obtained by modifying the schematic—the top-level series chain was reordered. The two circuits

will have the same logical behavior, but may not be electrically equivalent. Chainings which
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Figure 34: Two different chainings corresponding to the same logically equivalent circuit.

change the schematic should only be explored if permitted by the designer.

4.2.2 Terminology

Given the discussion of the above section, we now have the language to define more pre-

cisely several terms which will become important in the remainder of this chapter.

Definition 4-1:Transistor Cluster. A transistor cluster is an unordered set of transistors, all of
the same polarity and body potential, which can be reached through an unbroken sequence of
source or drain terminal connections. These are also often referred to as channel-connected com-

ponents (CCCs). The schematics in Figure 34 are both transistor clusters.
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Definition 4-2: Transistor Chaining. A transistor chaining is a mapping which assigns a
unique ordering to the source-drain terminals of the transistors in a cluster. One can also view this

as assigning a unique ordering and a source-drain orientation to the transistors themselves.

Definition 4-3:Transistor Chain. A transistor chain is a transistor cluster which has been
assigned a chaining. This is a well defined physical structure for which a design-rule correct layout

can be generated. Figure 34 shows two examples of transistor chains.

Definition 4-4:Diffusion Break. A diffusion break is a position within a transistor chain at
which two neighboring transistors do not share a common electrical terminal. Therefore these two
terminals will not be able to share geometry and must be separated by a diffusion-separation

design rule distance.

Definition 4-5:Transistor Sub-Chain. A transistor sub-chain is a subset of a transistor chain
which is free of diffusion breaks. Both chains in Figure 34 have a single diffusion break and can be

decomposed into two sub-chains.

4.2.3 Transistor Chain Width Minimization

The traditional optimization problem associated with transistor chain width minimization
seeks to find a chaining that minimizes the number of diffusion breaks within a chain. It is
assumed that the chain width is proportional to the number of diffusion breaks, and we must there-
fore maximize the number of adjacent transistors which share a diffusion connection. This prob-
lem is easily posed as a linear-time graph optimization problem as follows:

We construct the so-calletiffusion graph G(V, E) by associating a graph vertex] V
with every electrical net which connects to a transistor source or drain terminal. Aaedge is
placed between two verticgs,, v,) if there is a transistor spanning the two associated nets. The
vertices are labelled with their corresponding net names, and the edges are labelled with the name
of their associated transistor gate terminals. The diffusion graph is classified as a multigraph as
there may exist multiple edges connecting the same two vertices. An example of a transistor sche-
matic and its associated diffusion graph are shown in Figure 35.

Ideally, the optimal chaining solution would contain no diffusion breaks, and thus every
transistor can merge with both of its neighbors (except the two transistors on the ends of the chain

which have only a single neighbor.) In the corresponding diffusion graph, such a chaining would
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Figure 35: The diffusion graph corresponding to a diffusion connected set of transistors

correspond to the sequence of edggse,, ..., €,) visited opan Eulerian walkhrough the

graph. AnopenEulerian walk is related to @dosedEulerian walk, which is defined asckbbsed

walk which covers every edge exactly once and every vertex at least once. A multigraph for which
a closed Eulerian walk exists is known asateriangraph, and the term Eulerian walk is usually
taken to mean elosedEulerian walk. It can be shown [24] that a multigr&pls Eulerian if and

only if

1. Gis connected, and
2. all vertices inG have even degree.
An openEulerian walk relaxes the restriction that the walk be closed, and the necessary and suffi-

cient conditions for the existence of an open Eulerian walk are somewhat relaxed as well:

1. Gis connected, and

2. Exactly two of the vertices i@ have odd degree.
If zero vertices irG have odd degree a closed Eulerian walk exists, and the walk may start at any
vertex. However, if two vertices have odd degree, an open walk still exists, but the walk must begin
at one of the odd degree vertices and end at the other. Since there is no restriction that the two ter-
minals at the ends of a transistor chain share the same electrical net, the existence of an open Eule-
rian walk on the chain’s diffusion graph is sufficient to ensure that there will be no diffusion
breaks.

A simple recursive algorithm exists which will locate a closed Eulerian trail in a multi-

graph, if such a trail exists, @d(V + E)  time. The following pseudo-code is taken from Papadim-
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itriou & Steiglitz [86]. It locates a closed Eulerian walk in the gr&tieginning and ending at the

vertexvy,.
EULER(vy)
1 if  vq has no edges
2 return vy
3 starting from v, Create a walk of G never
4 visiting the same edge twice, until Vq is reached
5 again; let [ Var Vilieol Vp, Vgl be this walk;
6 delete [ vg, v4l,....[ Vp Vol from G
7 return (EULER( vg),EULER( v;),...,.EULER( Vn) Vq)

We can see that, if a particular vertex has degree greater than two, the algorithm has to
make an arbitrary choice at lines 3—-4 concerning which edge to follow away from a vertex. Thus,
unless every vertex has degree two, there are several possible Eulerian walks, and therefore several
possible minimum width transistor chains, which cover the same Eulerian graph. This choice is
usually made randomly, as it has no significance unless we are trying to optimize some secondary
condition related to the graph. In the problem of transistor chain optimization we usually seek to
find the set of minimum width solutions which also minimize the height. We will discuss this in
the following section, Section 4.2.4.

If an open Eulerian walk does not exist in the diffusion graph, one or more diffusion
breaks will be required. In such a situation, the chain will correspond to the sequences of edges in
anordered setf open Eulerian walks,

(e, € ...€,), (ep, €4 1r e ep+q), s (B € 41y 1 € 1) (39)
in whiche, # e, etc., which together cover every edge exactly once and every vertex at least once.
A diffusion break exists in the transistor chain at each discontinuity in the covering set of open
Eulerian walks.

The traditional method used to locate the set of covering open Eulerian walks is to trans-
form the non-Eulerian diffusion graph into an Eulerian graph by addingatifiaial edges. The
classic approach taken by Uehara & VanCleemput [119] makes use of the observation that there
will always be an even number of odd-degree vertices, and thus an Eulerian graph can be con-
structed by addingn/2 artificial edges connecting random pairs of the  odd-degree vertices so
as to make them all of even-degree. The traversal of one of the artificial edges in the resulting

closed Eulerian walk would then corresponds to a diffusion break in the corresponding transistor
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g h f e d c b a

Figure 36: A minimum width solution located using Basaran'’s super-vertex technique

chain. It is easy to see that any set of covering open Euler paths will have the same number of dif-
fusion breaks, and that this number is equal to two less than the number of odd-degree vertices.
This is the minimum number of diffusion breaks in the transistor chain, and thus the set of all min-
imum width layouts correspond to the set of all possible covering open Euler paths.

However, it has been shown by Basaran [5] that the method of Uehara & VanCleemput
does not allow the proceduJLER() to generate every possible transistor chaining. The choice
of which odd-degree vertices are connected in the new artificial Eulerian graph will limit the set of
chainings which can be produced. As an alternative Basaran introduced a new technigue which we
have adopted. This technique is capable of generating every possible minimum width transistor
chain. In order to make the graph Eulerian an artificial vertexsuper-vertex is added and arti-
ficial edges are drawn connecting it to all odd degree vertices (recall that there must be an even
number of these). All minimum width walks must begin and end at the super-vertex, though any

internal vertex may be used if the input graph was already Eulerian. Every visit to the super-vertex
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(except the first and last) translates into a diffusion break in the corresponding transistor chain.
An example of Basaran’s technigue is shown in Figure 36. Here the diffusion graph from
Figure 35 is augmented with the super-vertex (S) and a set of artificial edges (shown with dashed
lines). A minimum width solution with one diffusion break is located by applying algorithm
EULER() to the diffusion graph. The algorithm first traced a closed Euler walk
S-6-7- 4. S
followed by a second closed Euler walk
S-2-6-5- 45 35 2- 1. S

This walk results in the transistor chain shown.

4.2.4 Transistor Chain Height Minimization

In formulating the transistor chain optimization problem, most authors express the prob-
lem as one of locating the minimum “height” solution from among the set of minimum “width”
solutions. In this context, the “width” of the chain is proportional to the number of diffusion
breaks, and the “height” is proportional to the number of routing tracks which are required to com-
plete the intra-chain routing. Figure 37 shows two different minimum width transistor chains
which have different “heights”. The upper chain requires three routing tracks to complete the rout-
ing, while the lower chain requires only two tracks.

In the optimization of complementary transistor circuMaziasz & Hayes [73] show a
polynomial time algorithm for width minimization, but Chakravarty et al [11] prove that the corre-
sponding height minimization problem is NP-Complete. Lefebvre & Chan [60] provide an exam-
ple of a circuit for which the minimum height solution is not of minimum width, and discuss an
algorithm which allows one to trade chain width for height. As we gave seen in the previous sec-
tion, width minimization for non-complementary transistor chains can be done in linear time. The
corresponding height minimization problem is unfortunately still non-polynomial—all minimum
width solutions must be enumerated and the one with minimum height selected. Basaran [5] devel-
oped an optimal height minimization algorithm based on integer linear programming, and a heuris-
tic solution using a simulated annealing algorithm.

It is traditional in the literature to assume that chain height is proportional to the number of

1. Recall that complementary circuits consist of two dual transistor chains, and their optimization requires the
location of a pair of dual Euler walks in the N-FET and N-FET diffusion graphs.
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f e d c b
(a) three track solution

b c h g e d
(b) two track solution

Figure 37: Two different chainings with different maximum route density

required routing tracks. Uehara & Vancleemput [119] and Maziasz & Hayes [73], among others,
size the width of the diffusion strip to equal the routing requirements. We would like to point out,
however, that the transistor chain routing problem can be formulated in a humber of different
ways, and the proportionality between track density and chain height is not always so clear-cut.
For example, in Figure 37 we show two solutions which require a different maximum track den-
sity. However, we show the two diffusion blocks with the same height. In a realistic definition of
the problem, the height of the diffusion region is determined by the transistor channel widths as
specified in the schematic. In this example routing is performed over the diffusion region, and the
chain height will only increase if the routing cannot be accomplished in the maximum number of
available tracks and some routes must be completed outside of the diffusion region.

Of primary concern in the formulation of the transistor chain routing problem is the fact

108



(a) no strapping

(b) partial strapping

(c) full strapping

Figure 38: Transistor source/drain contact strapping

that the fabrication technology may dictate constraints on the style used for transistor source-drain
connections. Figure 38 demonstrates three different routing models which differ by the degree of
source-drain contact strapping required. If the fabrication technology provides a self-aligned sili-
cide layer galicide, or some other form dbcal interconnectLl), the source-drain terminals will

have very low resistivity, and a single minimum sized diffusion contact is all that is required. In

this case no strapping is heeded, as in Figure 38(a), and local routing may take place over the cell.
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Figure 39: Routing model for unstrapped and partially strapped routing styles

If no low resistivity local interconnect is available, full strapping may be required and the chain
routing must be pushed external to the chain, as in Figure 38(c). However, in this latter case, it is
often still acceptable to route over the chain as long as partial strapping is done to guarantee some

maximum uncontacted distance, as in Figure 38(b). We will deal with each of these cases below.

No Strapping

When diffusion strapping is not required, transistor chain routing can be treated as a spe-
cial case of channel routing in which no vertical constraints exist. The problem is modeled using
an interval graph defined as follows. As in Figure 39, the diffusion area is divided into separate
horizontal tracks defined by the wiring pitch. The span of each net defines a horizontal interval
over one of these tracks. We construct a g@ph (V, E) namecdhthegraph in which the
verticesv [ V represent the nets to be routed. An edgee exists between two vertices if the
intervals of the two nets overlap. Chakravarty et al [11] pose the corresponding height minimiza-
tion problem as one of assigning a valid coloric(y) to each vertex such that if the edge
(u, v) O E thenc(u) #c(v) . The minimum number of distinct colors which are required to color

G is the chromatic number of the graph. If we take the track number to be vertex color, then the
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minimum number of tracks is equal to the chromatic humber. According to Sherwani [106, pp.
112-113], since interval graphs are perfect, their chromatic number is the same as the cardinality
of the maximum clique in the interval graph. The algorithm below can be used to find the cardinal-

ity of the maximum clique i®(V + E) time.

MAX-CLIQUE(/ )

1 SORT-INTERVAL(/, A)

2 cligue <0

3 max-clique <0

4 for i <1 to 2n

5 if Ai]l=L

6 cligue  ~ clique +1
7 if cligue > max-clique
8 max-clique ~ clique
9 else

10 cligue  ~ cliqgue -1
11 return  max-clique

Algorithm MAX-CLIQUE() takes as input = (i, i,, ...,i,) Wwhich is a set of intervals.

The routineSORT-INTERVAL() builds an arrayA of dimension2n which sorts the intervals
according to their endpoint coordinateéy.i] is equal to “L” if the corresponding endpoint is the
left endpoint of an interval, and it is equal to “R” otherwise.

When a transistor chain is routed in the unstrapped style, the chain height is only affected
if the chromatic number of the track graph is greater than the number of available tracks. Any rout-
ing solution which satisfies this bound is essentially equivalent, except perhaps from the stand-
point of yield or signal delay. If the intra-cell routing resources are exceeded, the unrouted nets
must be routed outside of the diffusion region, a problem which is equivalent to the fully-strapped

case described next.

Full Strapping

The routing problem in the presence of full diffusion strapping is more difficult than the
unstrapped case. This is because of the presence of vertical constraints due to the vertical routing
segments which are required to bring the nets to the correct track. If single layer routing is desired,
this problem is a variant of the classical Single Row Routing Problem (SRRP).

As defined by Sherwani [106, pp. 267—274], an instance of SRRP is described by a set of

two-terminal or multi-terminal nets defined on a set of even spaced terminals on a real line called
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Figure 40: The Single Row Routing Problem (example from Sherwani [106] page 267.)

the node-axis The goal of SRRP is to realize the interconnection of the nets by means of non-
crossing paths. Only a single routing layer is used, and no horizontal route is permitted to cross the
same terminal more than once (i.e. no backward moves are allowed.)

The example in Figure 40 shows a problem with 8 two-terminal nets. The routing region is
divided into two halves, the “upper street” above the node axis, and the “lower street” below the
node axis. Obviously, vertical and horizontal routing segments cannot cross. In the general version
of the problem, a net may cross from one street to the other by routing between two nodes with the
use of a “dogleg” connection. The optimization problem is usually formulated to minimize the
maximum or sum of the number of upper street and lower street routing tracks required. We may
also wish to minimize the number of dogleg routes as that may increase the width.

The algorithms used for the optimization of SRRP are too complex to review here. The
reader is referred to Sherwani [106] for a detailed treatment. In the case of the fully strapped tran-
sistor chain routing problem, the SRRP problem is somewhat constrained. Most notably, dogleg
connections cannot be permitted, except perhaps between two nodes separated by a diffusion gap.
Without the freedom to use doglegs the problem may well turn out to be infeasible without the use
of a second routing layer (polysilicon or second-level metal.)

The case of fully strapped routing conforms more closely to the traditional definition of
the chain height minimization problem. Each new required routing track contributes to the height

of the chain.

Partial Strapping

In the presence of partial strapping, the transistor chain routing problem is equivalent to

the unstrapped case, with the addition of constraints on the maximum amount of unstrapped diffu-
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Figure 41: A transistor chain with non-uniform transistor channel widths

sion. Guan & Sechen [33] have developed a heuristic algorithm which is essentially equivalent to

the solution of dogleg-free SRRP.

4.2.5 Complications

In this section we discuss a number of factors which may complicate the transistor chain
optimization problem. The first of these is the case of transistor chain routing in which the transis-
tor widths (i.e. the chain height) are not uniform. In the class of circuits for which our methodol-
ogy is targeted, transistors are usually sized to meet specific power and/or speed goals, and are
distinctly non uniform in channel width. Figure 41 shows an example of such a chain. Routing
problems of this type are related to the problem of Irregular Channel Routing. Lengauer [65, pp.
462-465] provides a short review of this topic. The detailed router ihiBh&-dimensional cell
compiler uses a general-purpose maze router with ripup-and-reroute capability to route such irreg-
ular regions. We will discuss our solution to this problem in Section 4.2.7 when we discuss our
chain geometry generators.

Another issue which may be of concern is the electrical optimization of the transistor
chains. The parasitic capacitance on a net is reduced when the connection is made through geome-
try sharing, so it may be preferable to bias the merging decisions in favor of nets on the critical
path. Though the intra-chain routes are short, different chainings will have different routing solu-
tions which may effect routing parasitics as well. This topic has been treated extensively in the
analog cell synthesis literature: see for example [5,69]. In addition, as we mentioned previously,

some routing solutions may be more preferable from a yield or reliability perspective.
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4.2.6 Static vs. Dynamic Transistor Chain optimization

Our methodology, shown in Figure 33, shows transistor chain optimization as a dynamic
process embedded within the placement step. This is in contrast to the work of previous authors
who have considered the two-dimensional cell synthesis problem. Basaran [5] uses simulated
annealing to statically optimize the height of a transistor chain as part of a proposed cell synthesis
flow. Fukui et al [28] discussed a tool which also uses simulated annealing to discover good group-
ings of transistors into diffusion shared chains, and then performs a greedy exploration of a virtual-
grid slicing floorplan to locate a 2-dimensional placement. In a more recent work by the same
group, Saika & Fukui et al [95] present a second tool which operates by statically grouping transis-
tors into maximally sized series chains, then locating a high quality 1-dimensional solution in
order to form more complex chains. A simulated annealing algorithm is then used to modify this
linear ordering by placing the diffusion-connected groups onto a 2-dimensional virtual grid.

The difficulty with performing static transistor chain optimization, within a complex cir-
cuit, prior to the placement step is that the optimization cost function is unable to account for the
effect of external routing. The ordering of the gate input nets can have a profound impact on the
quality of polysilicon routing within the cell. In addition, the chain output node(s), and any multi-
terminal input nodes and intermediate nodes within the chain, must be routed externally in metal.

In the transistor chain width and height minimization problems, there are often many
equivalent solutions. If the optimization of the transistor chains is performed dynamically as part
of the placement step, these equivalent solutions can be explored in the context of their impact on
the cell-level routing cost function. Our approach provides a simple and elegant method for cou-
pling these two previously decoupled optimization steps. We will discuss our dynamic chain opti-

mization technique in more detail in Section 4.4.2.

4.2.7 Transistor Chain Geometry Generator

Our dynamic approach to the transistor chain optimization problem requires us to be able
to generate design-rule correct chain geometries, including routing, quickly and efficiently within
the inner loop of the placement step. In this section we describe the specific conventions and solu-
tions which we have adopted in the implementation of our transistor chain geometry generator.

As input, the geometry generator takes the technology design rules, the transistor-level
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Figure 42: Layout produced by the chain generator

schematic of the chain, and the location and orientation of each transistor within the chain. In
Figure 42 we show the output of our chain generator for a fairly complex chain. Our generator cur-
rently supports chains with internal diffusion breaks, as well as adjacent uncontacted transistors.

In order to address the problem of chains with a non-uniform width, we adopt the follow-
ing convention. Oddly sized transistors are aligned along the bottom edge of the chain. All nets
which require external routing, either because they must be routed externally to the chain, or
because the intra-chain router could not complete the route internally and they spilled into the
external channel, are given a port along this bottom edge. In order to enable an escape path in both
directions we also place a contact on the top track of each transistor—if that track is not blocked
by a net on a higher routing track used by taller transistors. We note that it may be beneficial to
relax our restriction that forces all transistors to be aligned along the bottom edge. Better routing
solutions may be possible if the transistors were allowed to slide vertically into any position. How-
ever, any solution must guarantee at least one escape path for each external net. The efficient opti-
mization of this refined problem poses an interesting unsolved problem.

Intra-chain routing is performed using tAX-CLIQUE() algorithm from Section
4.2.4. which runs in linear time. Routes are assigned from the bottom track toward the top, though
the first routing track is only utilized if the route segment will not block any required external
ports. Partial diffusion contact strapping is currently supported to a limited extent—all regions of
transistor source/drain area which are not overlapped by routing are filled with diffusion contact
material in order to reduce their resistance. However, we do not currently support constraints on
the percentage of uncontacted diffusion. Any routes which cannot be completed within the intra-

cell region are given external contacts and handled by the cell-level router at the completion of
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placement. As we discuss in Section 4.4.6.1, these spill routes figure into the global placement
optimization cost function, and hence the dynamic chain optimization process attempts to mini-
mize their impact along with the true external nets. For the case of full strapping, all routing is han-

dled by the cell-level detail router.
4.3 Transistor Clustering

In the first step of the methodology in Figure 33, transistor clustering, the task is to deter-
mine the optimal number of transistor chains and which transistor(s) belongs in each chain. At this
stage very little information is available, only transistor sizes and their connectivity, so the choices
can only be heuristic in nature. Figure 43 shows the clustering used in the manually designed
CGaAs Mux-FlipFlop circuit, our running example from Figure 3 on Page 16.

Authors in previous works have used a wide variety of heuristics at this stage. Fukui et al
[28] use simulated annealing. In Saika & Fukui et al [95] only simple chains made up of maximum
length series chains are created and larger chains are formed during the 1D optimization step. It is
also fairly common, especially in 1-dimensional tools, to approach clustering by performing logic
gate recognition, as in Picasso-Il [64].

It is our opinion that, because of the heuristic nature of the decisions made at this stage, it
makes little sense to devote a large amount of effort to determining, a priori, any sort of “optimal”
static clustering. Instead, our goal for this stage is to transfer as much flexibility in the clustering
decisions as possible to the dynamic placement stage.

We have implemented a hybrid approach that performs a rough large-scale static cluster-
ing of the circuit graph into channel connected components (CCCs) with a user-supplied upper
size limit. As we discussed in Section 4.2.2, edakter can be formed into one or more different
transistorchains by assigning it &haining. Furthermore, these chains may be partitioned at the
locations of theidiffusion breaks into one or moresub-chains A diffusion break represent the
location of a gap in the chain’s diffusion strip, any electrical connections which must span this gap
must be performed with a strip of metal. There is no reason to constrain the sub-chains to remain
aligned in the layout, as a more optimal arrangement may be found if they are allowed to move
freely. Therefore it is these sub-chains which form the atomic units that will be placed during the
placement step.

Our approach allows the placement step some flexibility to dynamically alter the circuit
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Figure 43: The clustering step. The schematic implements the CGaAs Mux-FlipFlop of
Figure 3, and shows the clustering used in the manual design. All transistor lengths are 0.5

microns.
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clustering in order to better optimize the placement: different orderings of the transistors in the
chains can be used to induce different clusterings in the individual sub-chains. The sizes of the dif-
ferent sub-chains may change as transistors migrate from one sub-chain to another. However, since
all minimum width chainings will have the same number of diffusion breaks (see Section 4.2.3),

the number of sub-chains in each chain will stay the same. We will elaborate on this further in Sec-

tion 4.4.2.

We begin the static clustering step by grouping the transistors into two sets, one consisting
of all n-channel devices, and one consisting of all p-channel devices. Each of these sets are then
partitioned using the functioRORM_MAX_ CLUSTERJ¥), shown below, into maximum-sized

diffusion-connected sub-sets.
FORM-MAX-CLUSTERSY)

1 i
for

This algorithm is called with the argumeRta list of transistors to be partitioned. The first

<1
t1 ~ T1] to Tlength[ T]]
if wvisited [tl]= FALSE
visited [tl] ~ TRUE
PUSH(t1)
while t2 ~ POP()
PROCESS-NEIGHBOR{ource [ t21])
PROCESS-NEIGHBOR{rain [ t2])
cluster [ i][j] - 2
j o< 1
i« i +1
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transistor is pushed on a chain and marked “visited.” While the chain is not empty we pop the first
transistor off the chain and process any transistors which are connected to its source and drain ter-
minals using the routineROCESS-NEIGHBORY) , possibly visiting those neighbors and push-
ing them on the chain as well. As transistors are popped off the chain we add then to the current
cluster. When the chain becomes empty we search through the input list for the next unvisited tran-
sistor and begin a new cluster.

The routinePROCESS-NEIGHBORY) , shown below, simply examines each of the tran-
sistors which are sinks on the supplied electrical net. If the net connects to the source or drain (i.e.
not the gate) of the sink, and that sink has not already been visited, it is marked “visited” and
pushed onto the chain.

PROCESS-NEIGHBORY)
1 S « sinks [ n]

2 for t < s[l]to s[ length [ s]]

3 if gate[t] # n and visited [t]= FALSE
4 if CHECK-VARIATION(t)

5 visited [t] ~ TRUE

6 PUSH(t)

Lines 4-6 in the?ROCESS-NEIGHBORY{) routine represents an optional feature which
enhances the size uniformity among the transistors in a particular cluster. The f@EQK-
VARIATION(t) keeps track of the range, median, and variation (defined below in Equation 40) of
the transistor widths in a particular cluster. If the width of tranststiatls outside of this range,
and if the new width variation falls outside a user-supplied threshold (say 50%), transistor
not be pushed onto the stack.

range = maximum_width minimum_width
median=minimum_width rang@ (40)
variation = (range’ mediapx 100%

After the execution oFORM-MAX-CLUSTERSI) we have partitioned the transistors
into a set of maximal channel-connected subsets with an optional bound on the size variation
within each set. These subsets can still be quite large, so we proceed to iteratively apply a standard
Fiduccia-Mattheyses (FM) bipartitioning algorithm [25] to further partition these sets until a user-
supplied upper size limit is met. Our goal in this step is to form transistor clusters which minimize
the amount of external source-drain routing, so we only count source-drain nets when we calculate

the net cut-set of a candidate partition (i.e. nets which connect to transistor gates are not consid-
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ered.) Since we are primarily interested in minimizing the cut-set, and not in strict bipartitioning,
we have found that we generally obtain much better partitionings when the FM balance criterion
parameter is set to a relatively loose value.

As a final consideration, we note that it is possible for the two clusters produced by the
FM bipartitioning step to lose their channel-connected property. This is especially common in
large pass transistor networks. It is hecessary to re-exec BFORKEI-MAX-CLUSTERS()algo-
rithm on each cluster after each iteration of the FM algorithm.

In Figure 44 we show the automatic clustering solution for the dec-csa-mux benchmark
[53], a carry-save adder with muxed latching inputs. The cluster upper-size limit was set to 10, the
coefficient of variation term was set to 50%, and the FM algorithm balance criterion was set to
20%. Figure 45 shows one possible chaining solution for this set of transistor chains. Note the

effect of the size variation constraint

4.4 Transistor Level Micro-Placement

At the conclusion of the clustering phase we have determined the set of atomic placeable
objects and we can begin the placement phase. The atomic objects consist of individual unchained
transistors and transistor sub-chains. The transistors have fixed geometry, and the task is merely to
assign them an orientation and a location in the placement. The transistor sub-chains do not have
fixed geometry. By manipulating the transistor ordering and orientation within the chains the
placement step may alter the sizes and port locations of the individual sub-chains. Thus, in its
search for an optimal solution, the placement step is free not only to explore the orientations of
placements of the transistors and transistor chains, but it may also make use of the flexibility of the
sub-chains in order to located an area efficient packing with minimal routing.

In the implementation of the placement phase it is possible to borrow a great deal from the
field of macro-block placement. However at the transistor level, a problem which we refer to as
micro-placemenf92], several differences manifest themselves. We list them here and elaborate on

each one in the following sections.

1. Modeling of the placement search space
2. Support for dynamic transistor chaining

3. Support for arbitrary geometry sharing
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Figure 44: Automatic clustering solution for the dec-csa-mux benchmark [53]
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Figure 45: A Transistor chaining solution for the dec-csa-mux [53] benchmark circuit giv-
en the clustering solution from Figure 44
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4. Presence of cell template constraints
5. Nature of the cost function

6. Nature of the routing model

4.4.1 Modeling of the placement search space

The subject of placement search space modeling is a complex one and was the subject of
Chapters 2 and 3. Here we only summarize the conclusions of our previous study. By far the most
popular placement models foracroeplacement (standard-cell placement, block level placement,
etc.) aredirect models, as used in simulated annealing placement tools suéimlaerwolf-3.2
[101,102] andKOAN[17,18], as well as analytic placement tools sucB@slian [52]. Symbolic
slicing-tree models are popular in block-level floorplanning tools [47,120,123].

For the purposes of transistor-level micro-placement, which requires the flexibility of a
direct model but the search space efficiency of an indirect model, we developed In Chapter 2 an
indirect model based on two-dimensional compaction constraints. Chapter 3 reviewed a symbolic
model for these constraints called the sequence pair, which is due to Murata et al [77]. We then
developed three optimization formulations for this model based on, respectively, integer linear pro-
gramming, branch-and-bound optimization, and simulated annealing.

Experiments in Section 3.4 demonstrated that the optimal branch-and-bound algorithm is
only practical for problems of small size. In addition, it is not yet clear how to correctly and effi-
ciently model routing cost within this formulation. The integer linear programming formulation,
while it has not yet been implemented, is likely to suffer from the same problems. For this reason
we have adopted the simulated annealing formulation of the optimization problem. While heuristic
in nature, simulated annealing optimization has been shown to achieve excellent results. In addi-
tion, the algorithm is extremely flexible and places few limits on the nature of the solution space

and cost function models.

4.4.2 Support for Dynamic Transistor Chaining

As we mentioned in Section 4.3, it is very difficult to determine an optimal static cluster-
ing of a circuit’s transistors into diffusion connected chains. This is because the clustering step has
no information about the relative positions of the chains in the final placement. Traditional chain

optimization algorithms can locate a chaining solution with minimum width and minimum internal
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routing cost, but such chainings may not be globally optimal when external area and wiring costs
are taken into account. It is thus not clagrriori to which chain a particular transistor should be
assigned, and which chain ordering should be chosen.

Instead of investing a great deal of effort making static clustering choices prior to place-
ment, we have adopted a methodology which allows the placement step to dynamically alter the
clustering choices and chain orderings in order to find a placement that mirgoizalsarea and
wiring costs. As described in Section 4.3, the clustering step is used tatiaing, of single-
polarity diffusion connected transistors. The placement step is responsible for exploring different
chaining solutions for these chains and selecting the globally optimal chainings with respect to the
placement cost function.

During placement, the chains are broken at the diffusion breaks and the resuitting
chains are passed to the placement engine as the atomic placeable objects. The diffusion breaks
provide a natural point at which to perform this break—the diffusion strip is broken at these points
and there is no reason to over-constrain the placement by forcing the resulting sub-chains to
remain aligned. The sub-chains are then free to assume any two-dimensional arrangement that
optimizes the placement.

In addition, as different chainings are explored for the chains, the sizes of the sub-chains
are optimized to obtain the best placement area, and the transistors within the sub-chains are
arranged so as to minimize the top-level detailed routing of the circuit. It is easy to see that there
may be many sets of minimal covering Euler walks for a given chain, and that all of them will have
the same number of diffusion breaks. Thus, the number of sub-chains in the placement will remain
constant. When a new Euler walk is found for a chain, individual transistors may move from one
sub-chain to another, and the individual sub-chains may grow or shrink in size depending on the
number of edges traversed in each sub-trail.

We re-emphasize that we are not attempting to optimize the “height” (i.e. number of rout-
ing tracks) of these transistor chains, as is traditional in the literature. The height of the chain is
fixed by the transistor widths in the input schematic. Instead, the transistor chain geometry genera-
tor reports a list of the internal chain nets which could not be routed over top of the chains, and
these are added to the top-level routing cost (seeSection 4.4.6 for more detail on the placement
routing model.) Thus, the sub-chains are automatically optimized such that their internal routing

cost is taken into account as well as the resulting top-level routing cost.
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In order to support dynamic transistor chaining, the list of simulating annealing moves dis-
cussed in Section 3.3.3 is augmented with two additional moves. The first move, which we call the
chain modification move was described by Basaila[ﬁ]. One of the chains is selected at random,
and a random sub-trail within the chain’s current Euler walk is removed and replaced with a differ-
ent randomly generated sub-trail. The new sub-trail must contain the same set of edges as the pre-
vious sub-trail, and it must have the same two vertices as endpoints.

The chain modification operation is easily performed by creating a new diffusion graph
which contains only the set of vertices and edges (including the super-vertex and any artificial
edges) in the selected sub-trail. We rdit draw artificial edges from the two endpoints to the
super-vertex. If the two endpoints are the same vertex, they will both have an even number of
edges because the selected sub-trailcl®sedEuler walk in of the selected diffusion sub-graph.

The algorithmEULER() , defined in Section 4.2.3, is called to find a new closed Euler walk which
begins and ends at that vertex. However, if the two endpoints are different, they will both have an
odd number of edges as the sub-trail imp@nEuler walk in the selected diffusion sub-graph. We

call the algorithmEULER_2() , shown below, to find a new open Euler walk which begins and
ends at the same pair of endpoints. Note that this algorithm is identical to algBtithBER()

except thav is replaced wittvg in line 4 and at the end of the trails in lines 5-7.

EULER_2(V¢.V p)

1 if vy has no edges

2 return  vgq

3 starting from V4 Create a walk of G never

4 visiting the same edge twice, until vg is reached
5 again; let [ Var Vilieoal Vn VB] be this walk;

6 delete [ vg, vql,....[ Vs VB] from G

7 return (EULER( vg),EULER( vy),....EULER( Vn), Vp)

An example of the chain modification operation is shown in Figure 46. Here we use the
diffusion graph for chain #2 of the dec-csa-mux benchmark [53] from Figure 44. We operate on
the sub-trail(2, 0, 6 4 2 S, 200) , spanning the randomly selected indices 4-11 in the chain, and
replace it with the new sub-trgi2, S, 200 Q § 4 2 . In Figure 47, beginning at the top, we show
the geometry corresponding to these two transistor chains, along with a sequence of three addi-

tional chain modification moves. This example demonstrates how this move is capable of rearrang-

1. Basaran refers to this move as the “sub-trail modification move”.

124
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206 4 2 (break) 200

0 (break)

\J
(break) 201 05 3 2 (break) 2000 6 4 2*0 (break)

Figure 46: The chain modification move

ing not only the ordering of the transistors within the sub-chains, but also the relative sizes of the
sub-chains in the placement.

It can be shown [5] that the chain modification move is complete, and can thus be used to
construct every possible Euler walk which can be embedded in the selected graph. However, a sec-
ond move was added to increase the efficacy of the algorithm at low temperatures. Late in the opti-
mization process, large chain modification moves can be very disruptive and are thus rarely
accepted. The second move, siid-chain modification move, simply selects one sub-chain and
locates a new ordering for its constituent transistors. The sizes of the sub-chains in the layout will

be unaffected, but the move may reduce the top-level routing cost.

1. The reader may note that we do not make use of Basaran'’s “trail-rotation” move [5 pp. 42-43.] This move sim-
ply has the effect or changing the ordering of the sub-chains within the chain. Since we are placing the sub-
chains individually in the layout, this move is redundant in our case.
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k2.mag

(break) 201053206 4 2 (break) 200 O (break)

reconfiguring chain index1=4, index2=11

:k2.mag

(break) 201 05 3 2 (break) 200 0 6 4 2 0O (break)

reconfiguring chain index1=2, index2=9

k2.mag I I

(break) 201 0 200 (break) 23506 4 2 0 (break)

reconfiguring chain index1=5, index2=11

k2.mag I I

(break) 201 0 200 (break) 206 4 2 35 0 (break)

reconfiguring chain index1=8, index2=0

K2.mag

(break) 20006 4 2 0 201 (break) 2 3 5 0 (break)

Figure 47: A sequence of 4 chain reconfigurations for chain #2 of the dec-csa-mux
benchmark [53] (see Figure 44)
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Figure 48: An example of a second-order shared structure
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Figure 49: Three examples demonstrating a pair of transistors in different configurations
with respect to geometry sharing.

4.4.3 Support for Arbitrary Geometry Sharing

The most noticeable difference between block placement and transistor-level placement is
the fact that the objects being placed are no longer forbidden from overlapping. If two neighboring
transistors of the same diffusion type share a common electrical node, it will be desirable to allow
the objects to merge.

Our methodology supports geometry sharing at two different levels. The formation of
transistor chains takes advantage of a great deal of the potential geometry sharing which is present
in the circuit. We also allow arbitrary pieces of geometry to merge during the placement step, per-
mitting larger merged structures to form and taking advantage of less obvious patterns of connec-
tion. We call the resulting merged objectscond-order shared structures An example in
Figure 48 shows two small transistors merging with a single larger transistor to form a complex
two-dimensional structure.

In order to support geometry merging at the transistor level we use a fairly simple mecha-

nism, as shown in Figure 49. If two objects are in the proper configuration such that they have
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electrically compatible ports facing each other, as in Figure 49(b), the design rule corstraint

can be relaxed to a smaller valdg, , to allow those ports to overlap. This may result in design
rule violations in the final placement if the ports do not line up precisely, but this can be easily
repaired in a post-processing step. This latter form of geometry sharing is formulated to encourage
the formation of second-order source/drain shared transistor chains, and complex chains such as
Figure 48. It does not currently support more complex shared structures such as Figure 49(c). This
structure would requireyaaxisconstraint as well as anaxisconstraint to ensure design rule cor-

rectness.

4.4.4 Cell Template

In our cell synthesis methodology outlined in Section 4.1, Figure 33, along with the design
rules and input schematic, a specification for the requirements of the cell template is required. The
cell template, which was discussed briefly in Section 1.2 of Chapter 1, provides the specification
for the physical requirements of the cell and the cell’s interface to the external block placement
and routing environment. In an industrial setting, the constraints which may be implied by the cell
template can become quite complex and numerous [63] as we discussed previously. Our prototype
implementation currently supports a fairly simple datapath style cell template which we will out-
line here.

We assume that the cells are intended for use in a datapath environment in which they will
be arrayed in regular multi-bit patterns. We allow simple unconstrained cell area or perimeter opti-
mization for the case in which the cells will be arrayed in a 2-dimensional grid and no inter-cell
pitch matching is required. For situations in which several cells must be pitch-matched, we also
support width or height minimization in which, respectively, the height or width is given a fixed
upper bound.

At a minimum, the cell template must specify the method by which the cell primary inputs
and outputs, as well as power and ground, are supplied. We assume that the multi-bit datapath is
arranged so that bit-slices in the array are oriented horizontally in rows, and each column contains
a single multi-bit component composed of identical cells. Bits are numbered starting with zero in
the top row. Common control signals are routed vertically over the cells in second-level metal, and
individual bits of the data input vector are routed horizontally over the cells in third-level metal.

Power and ground are also supplied as horizontal third-level metal straps. Thus the primary inputs
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Figure 50: An example demonstrating the fixed overcell straps used to enforce a datap-
ath-style port structure

and outputs, as well as power and ground, will come in to the cell as either second or third-level
metal ports. Horizontal inputs are gridded in the vertical direction, while vertical routes are grid-

ded in the horizontal direction. The grid location, or track, at which a particular port is located can
either be specified by the user, or it can be left floating for assignment by the router in order to
minimize internal cell routing.

In order to enforce the proper port gridding during the routing and compaction steps, at the
conclusion of the placement step and prior to the routing step we assign each floating input/output
port to an unoccupied overcell track in the proper layer. Tracks are assigned in a random order, and
the assignment is made by attempting to place the track as close as possible to the center of the
bounding box of its associated internal net. An example of a cell demonstrating the overcell input/
output straps is shown in Figure 50. During the routing step, internal polysilicon or first-level
metal internal routes are connected to these fixed ovecell straps with a second or third-level metal
contact. After the compaction step the overcell straps are removed to increase the cell’s porosity

and allow the detailed router to connect to the ports contacts from any direction it chooses.
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4.4.5 The Placement Cost Function

In Section 2.4.6 we briefly discussed the nature of the block placement cost function, and
in Section 3.3.3.2 we discussed a general cost function for use with our simulated annealing imple-
mentation. Here we will develop this topic more fully in the context of our specific application.

In Section 3.3.3.2 we presented a cost function which was a weighted sum of a placement
and a routing term. Here we make use of a similar cost function, but we have split the routing cost

term into two separate terms as shown below.

cost = w, [placement w, [global routing+ w4 [ocal routing (412)

The placement term supports all of the options discussed in Section 3.3.3.2: area minimi-
zation, perimeter minimization, width (height) minimization with bounded height (width), and
area or perimeter minimization with a fixed aspect ratio.

For routing cost minimization we make use of either the RISA heuristic [14] for the Recti-
linear Steiner Minimum Tree (RSMT) multi-terminal net model, or the Minimum Spanning Tree
(MST) model as discussed in Section 2.4.6. However, in Equation 41 we show the routing cost
split into two separate terms. We wish to allow different weights to be assigned to the estimates for
top-level and local routing. This split is made because our model for routing, discussed separately
in Section 4.4.6, uses different techniques to estimate the top-level inter-cell routing and the local
incomplete intra-chain routing which has been delegated to the detail router for completion.

At this time we do not include terms in the cost function for the optimization of such
things as electrical performance, yield or reliability, etc. However, the general simulated annealing
formulation which has been developed here does not preclude the consideration of such topics.
Any such goals can be treated as long as they can be calculated from the independent problem
variables in a reasonable amount of time. Such secondary criteria are a major topic of concern in
the field of analog layout synthesis and have been treated extensively. For example, see
[4,12,13,58,82,83]. Applying similar techniques to high-performance digital circuits is an interest-
ing topic for future work. For example, constraints ensuring the integrity of the dynamic node in
domino-CMOS circuits, or constraints ensuring symmetric layout for the two halves of a CVSL

pulldown network, could be envisioned.
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4.4.6 Routing Model

Proper modeling of the routing contribution to the cost function of Section 4.4.5 is essen-
tial if high quality layout solutions are to be obtained. Because the routing step is performed seri-
ally after placement, it is critical that the placement step be able to accurately evaluate candidate
placements with respect to the difficulty of their final routing.

Ideally, we would prefer to model the routing using the same metric as that of the place-
ment: the cell area. If electrical performance is neglected, the cost of routing a candidate place-
ment can be modeled solely by its contribution to the area. We simply need to compute how much
extra area must added to the placement in order to permit a feasible routing. Or, alternately, given a
placement with a given area, we need to determine if the routing problem is feasible or not. High
quality placements will not only consist of a small arrangement of transistors, but they will also be
efficiently routeable with a minimum of extra area.

The routing metrics discussed in Section 2.4.6 all model the routing cost in a more indirect
manner through the use of total routing length. It is assumed that placements with minimum rout-
ing lengthwith translate into placements which require a minimum of extra roateey Ordi-
narily these two measures remain correlated, but it is natural that pathological cases exist for
which this will not be the case. The main problem with the routing length estimates is that they
neglect to consider routingpngestion If many short routes all end up being routed through the
same area of the layout, the routing problem will become much more difficult and may prove
infeasible.

The proper modeling of routing congestion has become an important topic in standard cell
placement. A popular approach is to break the placement region up using a large-scale grid, and
calculate the congestion as the ratio of routing demand versus its supply in each grid location. The
routingdemand is the number of routing tracks which are required to traverse the area, while the
supply is the number of tracks which can be accommodated. The supply may be reduced by the
presence oblockageswithin the grid location. A recent example of this philosophy is given by
the RISA system due to Cheng [14].

The modeling of routing congestion may be equally important at the transistor level. How-
ever, routing at the transistor level bears little resemblance to standard cell routing. In standard cell
blocks, most current designs are done in processes with four or more metal layers and routing is

performed mostly over-cell. Blockages are small, usually representing cell port locations or pre-
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routed nets. At the transistor level most local routing is required to be in polysilicon or first-level
metal. Some metal routing may pass over the placed transistors and transistor chains, but transistor
porosity is poor and most routing is performed in the channels between objects. If partially or fully
strapped source/drain contacts are required the transistor objects will be completely non-porous. In
the case of transistor routing, congestion must be defined as the demand versus supply present only
within the routing channels.

Estimating channel routing congestion is a more difficult problem than estimating routing
length. Many different minimum length paths for a specific net segment may exist, and these dif-
ferent paths are equivalent from the perspective of routing length. But to properly estimate channel
congestion, a complete global routing must be computed. We have to know which specific chan-
nels are traversed by each net so that channel demand can be computed. Once channel demand is
known, it is possible to estimate the width of each channel. If the width of a channel exceeds the
width as determined by the design rules separating the blocks on either side, the channel will have
to bebloated and the placement area will likely increase.

The detailed router which we have adopted (see Section 4.5) does not have the ability to
modify the placement. It simply attempts to find a routing given a set of port locations, treating all
of the placed circuit elements as fixed blockages. Therefore the placement stage is required to sup-
ply the router with sufficient empty space to guarantee a feasible routing. During placement some
type of estimate must be made for the amount of extra area which will be required by the routing
geometry. If this estimate is accurate enough, it may also be used in the placement cost function as
a metric for the routing complexity.

Our facility for routing area insertion is described in Section 4.4.6.2. We have found that,
for the purpose of guaranteeing a feasible routing, only crude estimates of the routing area, and the
distribution of the routing area within the placement, are required. However, these estimates are of
insufficient accuracy to provide the simulated annealing placement stage with guidance toward
finding easily routed solutions. Tlsensitivityof the routing area estimates to the detailed place-
ment is small and therefore provide insufficient feedback to the annealer. For this reason we still
include a traditional routing length metric within the placement engine as well. We will describe
our model for routing length estimation first in Section 4.4.6.1 and then cover routing area inser-
tion in Section 4.4.6.2.
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Figure 51: An example demonstrating the components of the routing cost function

4.4.6.1 Routing Length Estimation

Our model for transistor level routing length estimation is demonstrated in Figure 51. Here
we show examples of each of the components of the routing length cost. We currently assume that
all local routing is done in polysilicon and first-level metal. Upper level metal layers are reserved
for block and chip-level routing, and any use of these layers within the cell would adversely effect
the cell's porosity. For connections to the cell’'s primary input and output ports we assume the cell
template described in Section 4.4.4. Control inputs arrive vertically in second-level metal and data
inputs, outputs, power, and ground arrive horizontally in third-level metal.

If full diffusion strapping is required, all routing will have to be performed in the channels
separating the placement objects. Otherwise, a large number of local source/drain routes within the
transistor chains should be completed over top of the chains by the intra-chain router in the chain
generator (see Section 4.2.7.) Examples of intra-chain source/drain routes are provided by nets

B,C, and D, and a portion of net A, in the figure. These nets are routed with zero cost to the place-

133



ment and do not enter into the placement cost function.

However, if the intra-chain router cannot complete an internal source/drain route, the route
will be pushed out into the routing channels and will be delegated to the inter-chain detail router.
An example is provided by net E in the figure. Intra-chain routes may also involve gate routing:
either source/drain-to-gate (net F), or gate-to-gate (net G). Since polysilicon cannot be routed over
the chain, it also must be handled by the detail router. In cases such as these the chain generator
supplies the total length of all incomplete intra-chain routes, and these are summed over all chains
to yield thelocal routingterm in Equation 41.

The primary contribution to inter-chain routing is made by multi-terminal nets which span
between different transistors and transistor chains in the placement. Net A is an example of such a
net. Inter-chain nets are treated as Minimum Spanning Trees and their length is estimated using the
methods described in Section 2.4.6. An interesting problem is introduced by the presence of nets
for which multiple ports are available on the same transistor chain. This can be seen on net A in the
chain at upper right in the figure. In such a case it is not always clear which port should be used
when making the estimate. We use a simple heuristic in this case. We first find the minimal enclos-
ing bounding box for the net, as shown in the figure. We then select the port on each chain which
lies closest to the center of this box.

A final concern is the proper modeling of the cell template and the routing of primary
inputs and outputs. Net C in the figure is an example of a cell-level primary output. Our datapath-
style cell template, described in Section 4.4.4, specifies gridded horizontal and vertical ports that,
during routing, will be full width/height straps in second and third-level metal. The track assign-
ment for each port can either be fixed by the user, or left floating for assignment by the router in
order to optimize internal routing.

The router discussed in Section 4.5 attempts to place each floating overcell primary input/
output port at the position nearest to the center of the bounding box of the internal net to which is
must connect, as shown in the figure. During routing length estimation we assume that the router
will be successful at this. Even if there are conflicts for specific primary input/output overcell
tracks, we assume that the router will be able to place the port somewhere within the bounding box
of the minimum spanning tree for the internal portion of the net. Therefore the routing of floating
primary input/output connections will not incur any inter-chain routing cost in the routing length

estimation. If a fixed input/output port is not overlapped by the bounding box of its associated
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internal net, the shortest distance from the edge of the net bounding box to the port is added to the

routing cost for that net.

4.4.6.2 Routing Area Insertion

As outlined earlier, the insertion of extra area—area above and beyond that already
present between objects due to the design rules—must be performed prior to circuit routing in
order to ensure that the routing problem will be feasible. This area expansion step may be per-
formed once at the conclusion of the placement stage, or it may be performed on every candidate
placement in the inner loop of the placement step. If the latter option is exercised, the extra routing
space will contribute to the cell area component of the placement cost function and may be used as
an estimate of routing cost. We have explored three techniques for routing area insertion which are
diagrammed in Figure 52.

Figure 52(a) shows an intermediate placement without the addition of routing space. It is
clear that some nets will be un-routeable. In Figure 52(b) we use a technique fioanfamalog
placement tool [18]. Here, each object’s bounding box is increased to include an extra routing
“halo’. This halo is proportional in size to the number of I/O ports and inversely proportional to
the perimeter of the object:

#1/0 ports

halq = qa -
perimetey

(42)

wherea is an experimentally determined scaling factor for tuning purposes.

We have found that this halo-based method is difficult to tune and tends to leave more
space than necessary between most blocks, requiring post-routing compaction. In addition, the
halos tend to make the objects more uniform in size, due to its inverse relationship to the perimeter,
resulting in placements which are more regular in appearance than manual designs. An additional
problem is that this non-uniform object growth tends to break apart second-order shared structures
that are formed through design rule relaxation as described in Section 4.4.3. An example of this is
marked with an arrow in the figures.

In Figure 52(c) we use a technique for routing space insertion due to Murata [77], which is
an elaboration of a technique described by Onodera [84]. Here each object is translated from its
original coordinategx;, y;) to a new set of coordingte§ y;’) based on an estimate of the rout-

ing resources which will be required below it and to the left. The new position is calculated as fol-
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Figure 52: A demonstration of different routing space estimation techniques. Example (a)
has no extra space reserved for routing, example (b) uses the method from [77], and ex-
ample (c) uses the method from [18]. Example (d) uses our modified version of the method
in [84].
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lows:

14,9 .
X' =X +BXTE%E yi' = yi+ByT%Tyi (43)
0 0 0 L

whereT is the routing pitchN,  andl are the set of nets whose bounding boxes begin before

objecti in x andy, H; andW; are the );;eight and width of iistbounding box, an#l andW are

the height and width of the original placement. Agfiin, is an experimentally determined scaling
factor which can assume separate valuesaindy. In the figure(x;, y;) correspond to the coordi-

nate of the lower-left corner of each object. The additional boxes demonstrate the movement of
each object—their lower left corners mdk;, ;) and their upper-right corners (mar;") :
for the objects appearing at their upper-right corners.

Murata’s method, designed for block placement, is making use of a greedy heuristic which
assumes that every horizontal (vertical) net makes exactly one vertical (horizontal) jog at the far
left edge of its bounding box. We have found that this method introduces a nonuniform bias in the
routing, concentrating the routing space toward the lower left corner, leaving objects closer to the
upper and right edges crowded together. This bias should be evident in the figure.

The final technique which we have explored is shown in Figure 52(d). This method,
attempting to correct some of the problems which we found with Murata’s method, makes differ-
ent use of the method of Onodera [84]. We simply solve Equation 48 fof =Tgle , the

upper right corner of the design, and assigns new coordinates to the blocks based on the following:

X;

)
max:
Xmax

I — I
X=X + 6x(xmax -X

Y+ (Y i (44)
Y, i+ (Ymax —Ymadg—
| yDI max max: ymaX[

whered is the experimentally determined scaling factor. This method approximate the total num-
ber of horizontal and vertical routing tracks which will be required, assuming that each net occu-
pies one horizontal and one vertical track, and distributes these uniformly throughout the design.
As can be seen in the example, the allocation of routing space appears more uniform than in exam-
ple (c), without the strong bias toward the lower-left corner.

As a final observation, note that the latter two expansion-based techniques based on

Onodera’s method do not break apart second-order shared structures (marked with an arrow)
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which were present in the original un-expanded placement. This is explicitly supported in the
expansion algorithm by identifying instances of geometry sharing and assigning all shared struc-
tures the same expansion factor as the most lower-left shared object.

We have chosen to adopt the final technique described above, which wentéomm
expansionfor the reasons already discussed. This is an extremely crude technique, performing no
global routing to determine the exact demand cost in each channel, but instead making the assump-
tion that the final routing will assume a statistically uniform distribution. If there are areas of con-
gestion in the routing, the uniform expansion needs to be tuned using the scaling factor in order
to accommodate the worst case spacing required in the congested region. The pessimism of this
technique requires the use of a post-routing compaction step in order to clean up the un-utilized
empty space which remains after routing.

The simplicity of this approach was motivated by its inclusion in the inner loop of the
placement step so that routing space could be included in the estimate for cell area used by the
placement cost function. The use of global routing techniques to more accurately perform the pre-
routing expansion, or the development of detailed routers capable of channel expansion (as in the

case of standard cell channel routers) will be an interesting topic of future research.
4.5 Routing

It is the task of the routing step to complete all of the electrical connections in the circuit
which we not made either through geometry merging or by the intra-chain router within the tran-
sistor chain generator. The output of the placement step consists of the mask geometry for the
placed transistors and transistor chains. Information is supplied to the router about the locations
and mask layer of each electrical terminal that must be routed. In addition, as mentioned in Section
4.4.4, the placement step has made overcell track assignments for the cell’s input, output, and
power ports. Vertical ports were assigned unique horizontal track numbers and full-height second-
level metal strap were placed in the placement to enforce the gridding of the ports. Similarly, hori-
zontal ports were assigned a vertical track number and their grid positions were enforced through a
full-width horizontal third-level metal track.

To complete the cell routing we make use of a third party rolitergram-11[31], which
is a detail router originally designed for use in an analog placement and routing environment [18].

Anagram-lluses a non-gridded line-expansion routing algorithm along with an aggressive rip-up
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Figure 53: An example of a cell placement before and after routing witAnagram-II

and re-route capability in order to achieve extremely dense transistor-level detailedApates.
gram-Il also supports a number of analog-specific capabilities of which we do not currently take
advantage, namely symmetric routing and crosstalk avoidance. In Figure 53 we show an example
of a completed cell placement before and after routing Aégram-11

Anagram’s line expansion routing algorithm is a form of maze routing [106] which at
every time step preferentially expands an uncompleted route from the point on the route which
currently lies on the optimum path to the sink terminal. For any pair of unrouted points, this strat-
egy is guaranteed to find the optimum route if one exists. However, global optimality is dependent
on the order in which net segment port pairs are selected for routing. In order to reduce this order
dependency, a rip-up and re-route scheme, along with net aging, is implemented to allow the port

routing order to be determined dynamically during routing.

4.6 Compaction

Ideally there should be no need for a compaction step in a polygon based non-symbolic
placement and routing environment. If design rules are modeled correctly the mask data generated
by the tool should be correct by construction and require no legalization. However, as we outlined
in Section 4.4.6.2, our routing area insertion technigue is based on a rather crude heuristic which
often results in a layout which contains un-utilized empty space. The final step in our methodology

from Figure 33, compaction, is an optional step which can be used to remove this unwanted empty
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space and reduce the final cell size.

The amount of empty space which is ultimately removed will depend on how aggressively
the routing area insertion scaling parameder, , was set by the user, and by how non-uniform the
final routed layout turned out to be. As we mentioned previously, if the final detailed routing is
heavily congested in some regions, and therefore very non-uniform, the scaling parameter will
need to be set somewhat conservatively, and some regions of the layout will contain unwanted
extra space.

In order to implement our compaction step we make use of a third-party commercial cell
compactor, Masterport [22] from Duet Technologies (formerly Cascade Design Automation.) An
example of a congested cell design before and after compaction is shown in Figure 54. As dis-
cussed in Section 4.4.4, after the compaction step is completed the overcell second and third-level
metal input/output straps are removed. The remaining metal contacts remain as gridded input/out-

put ports available to the higher-level cell placement and routing environment.
4.7 Summary

The subject of Chapter 4 was the detailed modeling of transistor-level placement and rout-
ing within the generic sequence pair placement model developed in Chapters 2 and 3. It was
observed that the primary difference between arbitrary block placement and transistor placement is

the need to capture geometry sharing between objects. The formation of transistor source-drain
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connection through object overlap serves both to reduce the placement area and to reduce the need
for expensive wiring. In this context we developed two linked approaches to capture geometry
sharing. The explicit formation of lineahainsof merged transistors is used to form what we refer

to asfirst-order shared structures. We also allow more random geometry merging to take place
during placement through the use of an adjacency analysis step. Electrically compatible source-
drain ports on adjacent transistors or transistor chains are allowed to overlap through the relaxation
of their pairwise separation constraint. We refer to the resulting merges objsetoad-order

shared structures

Our complete methodology was first outlined in Section 1.3 of Chapter 1, and this chapter
served to elaborate in detail each phase. To review, we begin with a static clustering step which is
used to group transistors into diffusion conneatledins This is followed by a dynamic place-
ment phase which assigns an orientation and physical location to each object in the placement. The
atomic placeable objects are individual transistors and transigiechains The latter are defined
as transistor chain segments split at the location of the diffusion breaks. The placement phase is
given the capability of dynamically adjusting the ordering of the transistors within the chains,
which has the effect of altering the sizes of the atomic sub-chains and allows the placement algo-
rithm more freedom to optimize the placement and the top-level routing cost.

In Section 4.2 we reviewed the basic problem of transistor chaining as applied to non-dual
transistor chains. A graph construction technique and associated Euler-walk algorithm developed
by Basaran [5] was described. We make use of this model to represent the set of all minimum
width chainings for each cluster. The topic of transistor chain routing, or “height” minimization
was addressed, though we do not seek to optimize this figure directly. Rather, we allow the cost of
chain routing to be reflected in the cost of the top-level detail routing problem, and rely on the
placement optimization algorithm to optimize chain routing directly. The specifications for our
transistor chain geometry generator were given and our dynamic sub-chain optimization approach
was justified.

Section 4.3 introduced our technique for static circuit clustering which is based on a gen-
eral purpose FM graph bipartitioning algorithm. This basic approach was augmented with a cluster
size constraint used to maintain a fixed maximum size differential between transistors in the same
chain. Section 4.4 developed the details of our dynamic simulated annealing based transistor-level

placement approach, a problem which we wédlro-placement Our method for dynamic transis-
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tor chain optimization, based on an Euler graph sub-chain modification move due to Basaran [5],
was discussed. This was followed by the details of the adjacency analysis step used to allow the
formation of second order shared structures.

In discussing our routing model we explained two critical topics, routing length estimation
and routing area insertion. Routing length estimation was addressed with a standard Minimum
Spanning Tree model. Three different techniques for routing channel area insertion were exam-
ined, the most promising of which is based on a uniform expansion by an amount proportional to
the routing length cost. These two problems turn out to be critical to the success of the approach,
and it will be shown in the experiments of Chapter 5 that our relatively simple solutions are not
always adequate. We concluded Chapter 4 with a discussion of the third-party applications

selected for the final top-level detailed routing and compaction phases of our methodology.
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CHAPTER 5

Experimental Evaluation

5.1 Implementation

In this section we discuss a prototype tool call@&MPO (Transistor Enabled Micro
Placement Optimization) which has been developed as a framework with which to explore the
ideas discussed in this dissertatibBEMPOis implemented in approximately 48,000 lines of C++
code and has been tested under the Sun Solaris and Linux operating systems. A screen shot of the
TEMPO main window is shown in Figure 55

To summarize the results of Chapters 3 and 4, we have implemented a generic simulated
annealing placement engine based on the symbolic sequence pair model. This engine has been
adapted to transistor level placement through the representation of placeable transistor and transis-
tor chain geometry primitives. A static transistor clustering step is followed by a placement step
with integrated dynamic transistor chain optimization. The formation of second-order shared
structures is encouraged through an adjacency analysis which collapses design rule constraints to
allow source-drain geometry overlaps. Routing length estimates are made using a minimum span-
ning tree model, and three alternative methods for performing routing space estimates have been
implemented. A graphical user interface written in Tcl/Tk allows visual inspection of the optimi-
zation process and facilitates parameter tuning.

The input toTEMPO is a Spice netlist file and a technology file specifying the design
rules. Generators have been implemented to construct the transistor chain geometry, making use of
dynamic chain ordering assignments from the annealing engine, or optional static clustering and
chaining order specifications supplied by the user through annotations in the Spice file. We make
use of theANAGRAM:-IIrouter from Carnegie Mellon University for post-placement routing, and
MASTERPORTrom Duet Technologies inc. for post-routing compaction.

In the current implementation we make use of a simple datapath-style cell template as
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Figure 55: A screen shot of th@ EMPO main window

described in Section 4.4.4. Internal routing is performed in polysilicon and first-level metal. Con-
trol inputs are assumed to arrive vertically in second-level metal and data inputs arrive horizontally
in third-level metal. We place these inputs as over-cell routing tracks in a position which is as close
as possible to the center of the associated net's bounding box. If desired, the positions of external

feedthrough nets can be specified manually through annotations in the spice file.

5.2 Benchmark Circuits

One-dimensional cell synthesis tools can be rigorously tested using standard complemen-
tary CMOS logic gates, and it is relatively easy to reproduce these circuits when making compari-
sons between different techniques. Maziasz and Hayes [73], in fact, show that there are exactly
3505 dual series-parallel circuits of “practical size” (i.e. with a maximum series chain length of 4.)
However, no such set of easily generated benchmarks exist to demonstrate the full capabilities of
the 2-D cell synthesis style. Such circuits may consist of non-dual, non-series-parallel topologies
with non-uniform transistor sizing, and should represent real circuit designs of interest to the

designers of modern high-performance VLSI chips. The lack of a standard set of benchmark cir-
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cuits has made quantitative comparison among 2D cell synthesis tools difficult.

In order to address this situation we have assembled a suite of 22 benchmark circuits,
taken mostly from the solid state circuits literature, which we present as a new tool for use in cell
synthesis research. These should be useful not only for problems related directly to leaf-cell circuit
layout synthesis, but also for problems in transistor sizing, circuit testing and test vector genera-
tion, and timing characterization and timing analysis.

Our benchmark circuits represent a wide range of design styles which are of common use
in high-performance and low-power applications: True Single-Phase Clocked (TSPC) logic flip-
flops, sense-amp flip-flops, various static and dynamic Cascode Voltage Switch Logic (CVSL)
families, single-ended and dual Pass Transistor logic (PTL), true and quasi domino logic, multiple-
output domino logic, and zipper logic. Most of the circuits consists of arithmetic functions, or
latching elements with embedded logic, that would be found in typical datapath applications. Less
of an emphasis is given to circuits with control applications, as these are generally made up of sim-
pler static or dynamic CMOS complex gates which are well handled by traditional 1-D techniques.

A description of each benchmark circuit is given in Table 6. Figure 56 displays some data
which can be used to judge the relative complexity of the different benchmark circuits. In
Figure 56(a) we show the circuit sizes, as measured both by the number of transistors and the num-
ber of nets. Figure 56(b) gives information about the average net fanout in each circuit which may
give an indication of the relative routing complexity. Because the power and ground nets typically
fan out to a large fraction of the transistors, we show net fanout for all nets and for signal nets only.
The data on which these two figures are based can be found in Table 7 of Appendix B.

In most cases, the specifications for the benchmark circuits supplied by the original
authors did not include transistor sizing information. Even had it been included, the sizes would
have been optimized for a wide variety of different fabrication processes. In order to facilitate
meaningful comparisons made with the use of these benchmarks it is important that a single fabri-
cation process be adopted and a consistent transistor sizing methodology be used across all bench-
marks. Transistor size tuning turned out to be a non-trivial problem as we were unable to gain
access to suitable tools. Our own transistor tuning solution, ndoptds based on a simple heu-
ristic nonlinear gradient descent optimization algorithm and makes tspimfefor time-domain
transient simulation. Appendix A gives a brief survey of the field of transistor sizing and a detailed

description of th&optalgorithm.

145



Witransistors

30
20
10 1

920
80
60
50
40

o e-gxnw-zyb
= dwoozy-gIsop
o dwoozy-pdp
= dwoozy-nd
= eq-pd

& epidp

= XNW-es2-09p
= zej-diz

= J-xnw-es

& ©|o-|powa

J-Iox

& ps-zxnw
= doid-noo-zyh
o abiaw-noo-zyb

S oup

HI-loe

= xnw

o ej-dub

#10X-|SAOP

B-LTY

& 4

& )es

(a) benchmark size data

W avg. fanout
B avg. sig. fanout

12

PI0X-[SAOP

ej-dp

equ-pd

= dwoozy-pd
& dwoozy-pdp

= eup

LT

2 e-gxnw-zyb

= jps-gxnw

dwoozy-g|sop

XNW-esd-29p

JJ-10X

= s
= o6iow-n2o-zyb

= T

yl-ioe

= Jj-Xnw-es

zey-diz

yxnw

ejo-|powa

e)-dub

= doud-noo-zyb

(b) benchmark fanout data
146

Figure 56: Benchmark size and complexity statistics




Table 6: Benchmark Circuit Descriptions

Name [source]

Description

aoi-Iff [89]

True Single Phase Clocked Logic (TSPCL) and-or-invert logic flip-flop

blair-ff [7]

high-speed differential double edge triggered CMOS flip-flop

dcsl3-42comp [110]

Differential Current Switch Logic 4-2 compressor (DCSL-3 style load)

dcvsl-xor4 [42]

Dynamic Cascode Voltage Switch Logic 4-way XOR gate

dec-csa-mux [53]

high-speed carry-save adder with muxed latching inputs

diff-fa [107]

differential full adder

dpl-fa [116]

Double Pass transistor Logic full adder

dptl-42comp [40]

Dynamic Pass Transistor Logic 4-2 compressor sum logic

emodl-cla [124]

Enhanced Multiple Output Domino Logic carry-lookahead adder stal

ge

ghz-ccu-merge [10]

4-way dynamic merge circuit for 1GHz PowerPC condition code un

ghz-ccu-prop [10]

4-way dynamic propagate circuit for LGHz PowerPC condition code

unit

ghz-mux8-la [109]

8-input latching mux with hold and scan for 1GHz PowerPC

mux2-sdff [51]

Semi-Dynamic dual-rail logic flip-flop with embedded 2-input mux

muxff [113] dynamic Complementary GaAs mux flip-flop
ptl-42comp [128] Pass Transistor Logic 4-2 compressor

ptl-rba [67] Pass Transistor Logic redundant binary adder
gnp-fa [66] Quasi NP-domino pipelined full adder

sa-ff [76] differential edge-triggered sense-amplifier flip-flop

sa-mux-ff [112]

differential edge-triggered sense-amp flip-flop with embedded 4:1 m

t17-fa [105]

seventeen transistor low-power full-adder

xor-ff [70]

sense-amplifier flip-flop with dynamic differential embedded xor gate

zip-fa2 [27]

dual-bit adder in CMOS zipper logic

The benchmarks used to conduct the experiments in this dissertation were tuned for the

MOSIS scalable submicron design rules (rev. 7.2) with a lambda valuguofi.0/%& are assuming
the use of the Osn HP-CMOS14TB process with a 3.3 volt supply. Spice level-13 process

parameters were taken from post-fabrication test structure measurements of the n73d MOSIS run

dated April 29, 1997. All gates were sized assuming a 40fF capacitive load on the primary outputs,
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which is roughly equivalent to three inverter or pass-gate inputs and 300 microns of metal routing.
All primary inputs are driven by piecewise linear input waveforms with 500pS rise/fall times driv-
ing two stages of non-tunable inverters. These input buffers were given a fixed 30fF load in addi-
tion to the load provided by the gate, and were sized to provide balanced 500pS rise and fall times
with a 40fF load.

5.3 Experimental Results

In this section we present a number of experiments which are intended to demonstrate the
capabilities and limitations of the two-dimensional cell synthesis methodology implemented in
TEMPQ We begin with a final detailed look at the mux-flipflop benchmark which we have been
using as a running example throughout this dissertation. We then present the results of a study con-
ducted on the complete set of twenty two benchmark circuits introduced above in Section 5.2.

The heart offEMPOiis its ability to manage transistor geometry sharing through inte-
grated transistor chaining (which we refer to as first-order geometry sharing) and arbitrary geome-
try merging (which we refer to as second-order geometry sharing.) Figure 57(a) shows the output
of TEMPO when clustering and dynamic transistor chaining have been disabled. Figure 57(b)
shows the mux-f flipflop placement as realized byKban analog placement system [18]. Here
all geometry sharing ilfEMPOresults from the merging of adjacent geometry. It closely resem-
bles the output dkoan Without integrated transistor chaini¢panandTEMPOare not able to
discover the long transistor chains which are clearly visible in the manual design.

Figure 58(c) shows the final routed and compacted layout of the mux-flipflop benchmark
produced using the full capabilities ®EMPQ For reference Figure 58(a) shows a manually
designed version of this cell and Figure 58(b) shows the layout produced by the 1-1/2 dimensional
LAS cell synthesis package from Cadence Design Systems inc. All three cells are shown approxi-
mately to scale, however the manual cell was designed in a complementary GaAs process so a
direct area comparison should not be made. Figure 59 shows the static transistor clusterings which
were used in the manual design and’lBMPQO

The reader should observe that the mux-flipflop layout produc@&RyOclearly dem-
onstrates a much more hand-crafted appearance than that prodged biie row-based layout
style used inLAS s intended for use on cells designed in a static CMOS or ordinary dynamic

CMOS logic style and is less suited to complex custom circuit topologies. In order to demonstrate
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Figure 57: The mux-flipflop placement produced by: (a) TEMPO with transistor chaining
disabled, (b) theKoan analog placement system [18].

this observation more convincingly we now present the results of a set of experiments conducted
on the complete set of benchmark circuits discussed in Section 5.2.

Our experiments were performed on the set of 22 circuits summarized in Table 6 and
Figure 56. As discussed in Section 5.2, the circuits were tuned fopuia @MOS process with
the use of SPICE models extracted from fabricated wafer test structures. The MOSIS scalable sub-
micron CMOS design rules were used to produce all layouts. The layouts prodddedBpare

compared with those produced by LAS, a state-of-the-art commercial cell synthesis environment
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Figure 59: The muxff circuit static clusterings used in the manual design and BYEEMPO

from Cadence Design Systems inc.

As discussed in Section 3.4.2 of Chapter 3, the stochastic simulated annealing optimiza-
tion algorithm iNnTEMPOwill produce a different solution each time that it is run, and the quality
of this solution will vary with some statistical distribution. In order to assess the amount of vari-
ability in the solutions which are produced we conducted a large number of trials on each bench-
mark. An initial series of experiments were conducted to determine appropriate values for all of
the tuning parameters available in TEMPO (primarily the cluster size upper bound, routing space
bloat factor, and the two annealing control parameters). We then ran 100 trials of each benchmark

and selected the smallest placed and routed layout for compaction. We will first report results for

1. See Section 1.2 for a more detailed review of the capabilities of LAS and other competing cell synthesis sys-
tems.
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this set of selected layouts, and then discuss the statistical variation that was seen among the com-
plete set of trials. The TEMPO runs were performed on a cluster of thirty 300MHz Pentium-II
workstations each with 128 megabytes of memory.

TheLAStool has a large number of options which are available for tuning. We ran the tool
in full optimization mode which iterates over a large set of these options to find an optimal solu-
tion. Among these options are the transistor folding parameter, which controls how large transis-
tors are folded into a set of smaller parallel connected transistors, and the number of rows which
are used. The optimization process was given full control over the folding parameter. Two separate
runs were conducted, one which specified a target aspect ratio of 1:1 and a second which specified
a single row be used. For each benchmark the best of these two runs were selected for comparison
with TEMPQ UnfortunatelyLAS and TEMPO adopt different cell template conventionsAS
uses a standard cell template with first-level metal power rails, MBNMPOuses a datapath-style
template with third-level metal overcell power rails. In order to minimize the bias introduced by
the LAS power rails we specified that these be sized to minimum width in the LAS layouts. All
LASruns were performed on a 170MHz Sun Ultra-1 workstation with 128 megabytes of memory.

Figure 60 summarizes the results of our experiments. Figure 60(a) shows a comparison of
the absolute cell area obtainedTiyMPOandLASwhile Figure 60(b) shows the relative percent-
age decrease in size obtained TiyMPQ The numerical data from which these figures were
derived is given in Table 8 of Appendix B.

With two significant exceptiond,AS produced layouts which were consistently larger
than those produced BVEMPQ often by as much as 20% to 30%. The reader is referred to
Appendices C-E for full-sized layout plots of all benchmark circuits. However, it is instructive to
examine several examples in detail in order to obtain some insights into the results.

Figure 61 shows three sample layouts as producdEMPOandLAS Each pair of lay-
outs are drawn approximately to scale for purposes of visual comparison. The first example in
Figure 61(a) shows the dcvsl-xor circuit which, with 23 transistors, is one of the smaller circuits.
TheLASlayout is 39.69% larger in area than TEMPOlayout (theTEMPOlayout could proba-
bly be reduced somewhat more if it were hand edited to clean up the poorly routed contact knot on
the right-hand edge.) It is clear that in this case the two-dimensional transistor arrangement is
much more tightly packed, and yields a layout with much better routing, than the two-row channel

routing solution produced HyAS
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(a) ptl-rba benchmark

Figure 61: Three representative examples comparing layouts produced by TEMPO (left)
with those produced by LAS (right). Pairs are shown approximately to scale.
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Our second example, shown in Figure 61(b), is the ptl-42comp benchmark circuit. This is
one of the larger circuits, consisting of 65 transistors. The high average net fanout of this circuit
(7.39, as compared to 4.77 in the dcvsl-xor4 circuit) results in a layout with significantly more
routing than the previous example, and the transistor arrangement is visually less compact. Never-
thelesd. ASproduced a layout with 22.92% larger area theMPQ

Our final example, shown in Figure 61(c), is the ptl-rba circuit. This circuit represents one
of our two negative results, wifEMPOproducing a layout 61.45%rger thanLAS In this case
the structure of the circuit allowed LAS to discover an extremely small single-row implementation
with very little channel routing and therefore very small cell height. Our layout does not appear
markedly worse than any of our other solutions, though there is a large amount of routing. But this
example provides a demonstration that high-quality row based solutions can be found for some
custom circuits, and th@EMPOis currently not able to converge on such a constrained solution
style.

In the absence of routingEMPOwould be capable of finding a very tight packing for the
transistors and transistor chains. However, as indicated in the discussion on routing in Section
4.4.6 of Chapter 4, the presence of routing adds a significant complication to the problem. Because
the placement and routing steps have been decoupled in our methodology, routing cost estimation
and routing space insertion have become two of the most critical problems in obtaining high-qual-
ity layout. The effect of routing can be more clearly appreciated through some specific examples.

In Figure 62 we show three example circuits which illustrate some of the issues associated
with transistor routing. Figure 62(a) shows the mux2-sdff circuit. ThisTE8MPOlayout exam-
ple demonstrates extremely clean routing with an even routing distribution and relatively narrow
routing channels between objects. This clean routing results in a very visually appealing cell lay-
out—in this case the LAS layout is 18.94% larger. This circuit actually has a relatively high aver-
age net fanout value of 6.36, so this is not necessarily a good indication of final routing quality.

Our second example in Figure 62(b) is the ghz-ccu-prop circuit. WhilEEN#POlayout
compares well witlLAS (the LAS layout is 22.42% larger,) the routing solution is visually less
appealing. The first problem to notice is that there is a large amount of routing around the periph-
ery which indicates problems in the routing space estimation process. We note that the ghz-ccu-
prop layout is characterized by several high aspect ratio transistor chains made up of near-mini-

mum width devices, while the mux2-sdff layout consists mostly of wider devices and chains with a
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Figure 62: Three benchmarks used to illustrate the effect of routing on layout quality.
TEMPO layouts are shown on the left with_LAS layouts on the right.
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more even aspect ratio.

As is also evident when comparing the layouts of Figure 61, layouts with long thin chains
of minimum width transistors tend to be less visually appealing than layouts composed of wide
aggressively sized transistors. The former case tends to result in layouts with a higher ratio of rout-
ing area to active area which probably accounts for this subjective measure of quality. This can be
explained by noting that these chains present complex blockages with high incoming routing den-
sity which together cause increased local routing congestion in the neighboring routing channels.
Our simple routeability estimation algorithm take a more global view and cannot account well for
these local effects. It is evident that the routing quality of the ghz-ccu-prop circuit would increase
if several of the routing channels were widened and less routing was pushed out to the cell periph-
ery.

Our final layout example is the ghz-mux8-la circuit, which is shown in Figure 62(c). The
layout produced by EMPOfor this example is virtually identical in size to thaSlayout (LASis
0.09% larger.) This is the largest circuit in our benchmark suite, with 84 transistors. Both layouts
show a great deal of routing (the average net fanout is relatively high at 6.41), MO
hides this somewhat by distributing the routing more evenly between the objects. The size of this
circuit and the complexity of the routing make this a challenging problem for any cell synthesis
tool. We note that there is a large amount of symmetry in this circuit, as it consists of a flip-flop
with eight identical dynamic multiplexor inputs. However, neithREMPO nor LASwere able to
capitalize on this regularity. As we discuss in Chapter 6, human designers typically take heavy
advantage of regularity in the circuit schematic in order to obtain tight visually appealing layouts.
Emulating algorithmically this aspect of manual design will be a significant avenue for future
work.

We conclude this section with a further analysis of some of the experimental results.
Numerical data corresponding to all of the graphs shown in the section can be found in Appendix
B. In Figure 63 we show some statistics concerning the runtime performanE®d&fOas com-
pared withLAS As shown in Figure 63(a), thHEEMPO methodology is clearly more compute
intensive tha L AS Figure 63(b) shows the separate contributions of placement, routing, and com-
paction to the totalTEMPO runtime. TEMPQOs stochastic exploration of the highly non-linear
two-dimensional placement search space, along ANMAGRAM-IlIs aggressive rip-up and re-

routing, requires considerably more effort than the heuristic transistor pairing and chaining algo-
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Figure 63: Benchmark runtime data comparing the phases oFEMPO with CadenceLAS
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Figure 64: Two representative examples of cell area distribution histograms

rithms and symbolic router used iiAS We note that a single pass through It algorithm

never takes more than a few seconds, however theloASgarameter optimization loop requires
several dozen passes through the entire process. (This optimization capability generally improves
the LAS results by approximately 10%—30%.)

Recall that TEMPO was run 100 times on each benchmark circuit in order to gather statis-
tics concerning the variance in final layout size. In Figure 64 we show histograms for two circuits
which demonstrate typical solution area distributions. Most circuits display distributions which are
essentially gaussian in appearance, as on the left, though occasionally we observe bi-modal distri-
butions as on the right. This latter case may indicate the presence of two strong local minima, one
with larger average area than the other.

In Figure 65 we show a very significant result of our statistical study. For each benchmark
we find the mean area  over all 100 runs and compute the standard dewviation . We then calcu-
late the number of standard deviations below the ndean  at which the minimum area solution was
found as follows:

_ 0—min
A= 5 (45)

This number gives some indication of the number of runs which must be conducted before we can
trust that we have located a near minimum solution. If we assume a Gaussian distribution, the
number of solutions expected to fall withdto is approximately 68%. The number expected to

fall within d+20 is 95%. In Figure 65 we show the value®f calculated for each benchmark.
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Figure 65: The number of standard deviations below the mean at which the smallest
benchmark lies

This number is typically near two, which means that a single trial is likely to find our best solution
with a probability of only 2.5%. This would seem to indicate that at least 40 trials should be con-
ducted for each benchmark.

A difficulty which we encountered in conducting these experiments which also motivated
the need for multiple trials is the fact tHeEMPO does not guarantee routeable solutions. Only
rough routeability estimates based on the minimum spanning tree routing length are available, and
the only control which the user has over routeability is through the routing bloat factor parameter.
Our experience indicates that the densest layouts are produced with an aggressive bloat factor set-
ting, but as the value of this parameter is reduced the number of placements aborted by the router
will increase. Therefore the user must be willing to pay for high cell quality at the expense of an
increased number of trials. In Figure 66 we show the routing completion statistics for each of the
benchmark circuits. These numbers range from a high of 79% to a low of only 12%. These results
clearly demonstrate the need for more accurate routeability estimation techniques, which will be a

significant topic for future work.
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Figure 66: Benchmark routing completion statistics over one hundred runs

5.4 Summary

In this section we introduced a prototype implementation of our methodology for two-
dimensional digital cell synthesis. This prototypEMPQ was used to conduct a series of exper-
iments to gauge the effectiveness of our approach. A set of 22 benchmark circuits were developed
as representative examples of a new class of designs for which traditional cell synthesis environ-
ments have not been applied. Experiments with these benchmarks resulted in encouraging results.
For 20 of the 22 circuitsEMPO produced layouts with smaller area thak§ a commercial cell
synthesis tool from Cadence Design Systems inc. Furthermore, for 15 of the 22 benchmarks the
area improvement exceeded 10%, and on 8of the 22 the area improvement exceeded 20%.

Visual inspection of the layouts produced B¥MPO indicate several areas for future
work. Cell routing and routeability estimation present difficult problems and there is significant
room for improvement, especially for circuits which contain high aspect ratio structures such as
long chains of minimum width transistors. These objects represent complex blockages with high
input routing density, and this situation can lead to high routing congestion in the neighboring
channels.

The most significant disadvantage of the proposed approach is the high computational
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cost. Several hours of CPU time were required to run all 22 benchmarks thra8givhile
TEMPO required approximate three weeks of computer time on a cluster of 30 workstations to
complete all 100 trials for all of the 22 benchmark circuits. This large number of trial was required
for two reasons. First, a statistical study indicates that at least 40 trials is required per benchmark
in order to account for the variability in solution quality introduced by the stochastic simulated
annealing optimization algorithm. Second, a significant numbers of placements produced by
TEMPO prove to have infeasible routing and are aborted byANMBGRAM-IIrouter, despite its
aggressive rip-up and re-route capability. We will have to reduce the computational cost by at least

an order of magnitude before this methodology becomes practical.
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CHAPTER 6

Conclusions and Future Work

6.1 Summary

In this dissertation we have outlined a new methodology for digital VLSI cell synthesis.
Existing approaches to this problem have concentrated primarily on the synthesis of complemen-
tary static CMOS circuits using a rigorous highly structured two-row design style based on dual N
and P diffusion chain optimization. We refer to these as one-dimensional problem formulations.
Extensions to this one-dimensional technique have been developed to handle non-dual transistor
pairing and chain formation, allowing limited application to non-complementary logic styles.
Two-dimensional techniques have also been developed, though these are generally formulated as
extensions to the basic one-dimensional problems which allow optimization across multiple one-
dimensional rows.

We began by defining a new cell synthesis problem domain related to the automated lay-
out generation of complex non-dual digital circuits. A growing need has developed for low power
and high speed circuits for use in new high-performance integrated circuit designs, and circuits of
this type bear little resemblance to the stylized static CMOS circuits for which existing approaches
were designed. We provided one example of such as cell, a dynamic CGaAs mux-flipflop used in a
high-speed microprocessor design, which illustrated some attributes of circuits of this type: lack of
regularity, non-dual ratioed transistors, complex transistor geometry sharing, and non-trivial rout-
ing topologies. Cells of this type demand a completely unconstrained true two-dimensional full-
custom design style for which existing synthesis approaches are not suited.

Chapter 1 outlined our methodology which is based on a general placement and routing
framework. This defines a problem which we teniaro-placement and routingto distinguish it
from the field of chip-level macro-block placement and routing. Existing models for placement

and detailed routing were adopted and extended to support the complex needs of transistor-level
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layout. Central to this methodology is a means for modeling and optimizing transistor geometry
sharing. However, the stylized graph-theoretic methods applied to one-dimensional layout styles
cannot be applied to the problems which we are targeting.

Our synthesis flow begins with a static clustering stage to discover strongly connected
sub-circuits which are good candidates for geometry sharing. We refer to trasenss How-
ever, we do not statically optimize the ordering of the transistors within these chains. Instead we
defer their optimization to the placement stage. This “late binding” permits chaining decisions to
be made at a stage when top-level as well as local routing effects can be measured. We refer to
geometry sharing obtained through transistor chainirfgsasorder geometry sharing. We also
support more general geometry sharing through a unique adjacency analysis step that allows adja-
cent objects with electrically compatible ports to be merged simply through the relaxation of their
pairwise separation constraints. We refer to sharing of the latter tyggeasd-order geometry
sharing. Our methodology concludes with the detailed routing of the complete optimized place-
ment solution, and an optional compaction phase to remove excess area un-utilized by the router.

During placement our atomic placeable objects consist of individual unchained transistors,
as well as transistor sub-chai®ib-chainsare formed by splitting the chains at each diffusion
break. Different chaining solutions for a given chain will cause transistors to move from one sub-
chain to another, changing the sizes of the sub-chains relative to one another. During placement, in
addition to the optimization of object location and orientation, we also explore different chain con-
figurations. Thus the optimization process is capable of locating chaining solutions which simulta-
neously optimize the relative sizes of the sub-chain objects along with their contribution to the
detailed cell-level routing.

In Chapter 2 we examined the low-level modeling issues associated with the generic
placement problem. We discussed the distinction between direct and indirect placement models,
and for reasons of efficiency selected a symbolic indirect model based on two-dimensional com-
paction constraints. Our choice was motivated by the observation that direct models, while they
provide a smoother continuous solution space, contain a large number of infeasible placements.
Through compaction, large numbers of feasible and infeasible placements will map to the same
symbolic placement. We reason that a well designed symbolic model, one with the capability to
model the universe of feasible and unique solutions, will be exploring a much smaller solution

space. The chapter concluded with a discussion of one limitation of our two-dimensional compac-
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tion formulation, which we call thpairwise relative placementmodel. It is possible to generate
infeasible placements because of a transitivity relationship between the constraints, and this
required the use of more expensive constraint satisfaction algorithms capable of detecting these
infeasibilities.

Chapter 3 extended the placement modeling discussion by introducing the sequence pair, a
recently developed method for representing two-dimensional compaction constraints developed by
Murata et al [77]. The sequence pair representation neatly captures the transitivity relationship
between the constraints and eliminates the consideration of infeasible placements. We discussed
three different formulations for the sequence pair placement optimization problem. Two exact
optimization formulations were explored, one based on integer linear programming, and one based
on a branch-and-bound traversal of the solution space. A set of pilot studies indicated, however,
that these exact approaches were incapable of scaling to problems with more than seven or eight
objects. We therefore concentrated our efforts on a heuristic simulated annealing optimization
framework. Pilot studies indicated that simulated annealing was capable of obtaining near-optimal
placements for problems of one hundred objects and more.

Chapter 4 represents the heart of our work. Here we outlined our techniques for extending
the basic simulated annealing placement framework to the problem of transistor-level micro-place-
ment and routing. We began with a look at the theory behind single-row transistor chain optimiza-
tion. A graph-theoretic model for chain optimization developed by Basaran [5] was described and
adapted for our use. We then introduced our algorithm for static circuit clustering which is based
on a general FM bipartitioning algorithm augmented with constraints on intra-chain transistor
height mismatches. The problems connected with transistor-level micro-placement were examined
next. Our method for dynamic transistor sub-chain optimization was discussed, followed by the
details of the adjacency analysis step which permits the formation of second-order shared struc-
tures.

A discussion of the micro-routing problem revealed one of the more difficult problem with
which this methodology is faced. Because we adopt the traditional approach of serialized place-
ment and routing, placement optimization must proceed with the use of loose approximations for
the routing cost. Furthermore, in order to guarantee a feasible routing, the placement phase must
estimate the routeability of a candidate placement and insert sufficient empty space between the

objects. We examined several techniques to address these problems. Routing cost estimation is
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carried out with a minimum spanning tree approximation, while routing area insertion is carried
out with the use of a uniform placement expansion which is proportional to the estimated routing
cost. Chapter 4 concluded with a review of our detailed routing and compaction solutions, both of
which make use of third party applicatioMNAGRAM-IIfrom Carnegie Mellon University for
detailed routing anMASTERPORTrom Duet Technologies for compaction.

In Chapter 5 we presented the results of a large-scale set of experiments designed to dem-
onstrate the strengths and weaknesses of our proposed approach. A set of 22 benchmark circuits
were assembled to provide test cases representative of our target application area. These bench-
marks consist primarily of arithmetic and latching circuits with datapath applications, and
included a wide variety of logic families such as static and dynamic CVSL, Pass Transistor Logic
(PTL), domino CMOS, and zipper CMOS. Our experiments compared the layout area obtained
with our prototype tool, nametEMPQ with a commercial cell synthesis tobASfrom Cadence
Design Systems inc.

Our experimental results were encouraging. Of the 22 benchmarks, TEMPO obtained
smaller layouts in every case but two. More significantly, 15 of the 20 showed area improvements
exceeding 10% and 8 of the 22 showed improvements exceeding 20%. A subjective visual assess-
ment of the layouts produced by TEMPO was encouraging as well. Many circuit exhibit tight
placements with visually appealing routing solutions which have a manually designed full custom
appearance. However, a problem was noted in cells which contain long chains of near minimum
width transistors. These high aspect-ratio objects introduce blockages and local routing congestion
which are not well modeled by the routing estimation techniques within the placement phase.
Addressing these concerns represents a significant avenue for future work.

The runtime performance of a singliEMPO synthesis pass is competitive witihS
However, statistical studies indicate that at least 40 trials are required per circuit to account for sta-
tistical variance between runs of the stochastic simulated annealing algorithm. Furthermore, place-
ments are occasionally aborted by the router as infeasible, necessitating a larger number of trials
for each circuit. Addressing the excessive computation resources currently required by our meth-

odology represents a second significant area for future work.

6.2 Contributions

In this section we enumerate the major contributions provided by this work. A distinction
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is made between the theoretical modeling contributions and the experimental contributions pro-

vided through the implementation of a functioning prototype.

Problem formulation. Our single most significant contribution is the formulation of a
new category of the digital cell synthesis problem. Previous approaches targeted static
CMOS and dynamic domino CMOS circuit which yield well behaved problem
formulations and which can be treated with elegant graph theoretic methods. However,
they break down when faced with complex logic families such as static and dynamic
CVSL or Pass Transistor Logic (PTL.) We target such circuit families, which are
finding increased use in modern high speed and low power designs. Some
characteristics exhibited by these difficult circuits are a lack of regularity, non-dual
ratioed transistors, complex transistor geometry sharing, and non-trivial routing
topologies. We formulate this problem as an unconstrained true two-dimensional full-
custom placement and routing problem, a problem which we r@omo-placement

and routing

Problem methodology To address this new problem formulation we have assembled

a complete end-to-end methodology. At the heart of this methodology lies the detailed
modeling and optimization of transistor geometry sharing, which is critical in obtaining
compact cell layouts. We begin with a static clustering step which is used to form
diffusion connected transistor chains. The chains are split at the locations of their
diffusion breaks, and the resulting sub-chains become the atomic placement objects.
During the dynamic placement process we optimize the placement and orientation of
the objects, as well as ordering, cdraining of the transistors in the chains. An
adjacency analysis step during placement permits the formation of complex second-
order shared structures to further increase geometry sharing. Our methodology
concludes with a detailed area routing phase and an optional compaction phase.
Dynamic transistor chaining. Perhaps the single most novel aspect of our
methodology is its capability for dynamic transistor chain optimization. The static
clustering step performs some initial chaining when the transistor chains are formed.
However, by deferring the ordering of the transistors in the chain until the dynamic
placement step, we are able to optimize the chain orderings at a time when detailed

placement and routing information is available. By splitting the chains at the locations
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of the diffusion breaks, the resulting sub-chains are given more freedom to assume an
optimal placement.

Second-order geometry sharing optimization A large percentage of potential
transistor geometry sharing is captured through the transistor chaining process, which
was inspired by techniques used in traditional digital circuit layout synthesis. However,
we also developed an adjacency analysis step utilized during placement which allows
for geometry sharing of a more general nature. Complex shared structures, which we
call :=cond-order shared structuresan be formed through this process. This latter
idea more closely resembles the geometry merging techniques ukearji 7] for

the synthesis of analog cell layout.

Placement modeling and optimizationWhile we have adopted an existing model for

the representation of the placement problem, two dimensional compaction constraints
represented with the use of the sequence pair notation, we believe that we are the first
to apply this model to problems at the transistor level. In the process of researching the
placement problem we developed two new optimal techniques for the optimization of
sequence pair placements: one based on integer linear programming, and one based on
a branch and bound traversal of the search space. While we ultimately adopted a
simulated annealing framework, these optimal formulations provide useful insights
into the structure of the problem.

Incremental SSLP optimization algorithm. In connection with our research into the
two-dimensional compaction formulation of the placement problem we observed that
a single move within the search space perturbs the underlying constraint graph very
little. We developed an incremental Single Source Longest Path algorithm for
constraint graph satisfaction. This algorithm was shown to provide a small but
significant improvement in the asymptotic runtime behavior of the algorithm of
approximately 10%.

Routing area insertion One of the more difficult problems associated with transistor-
level micro-placement turned out to be the proper modeling of routing effects. In order
to guarantee that a feasible routing exists, extra space must be included for routing.
Experiments conducted with several existing techniques proved inadequate. We

developed a unique method, based on an earlier technique due to Onodera [84], which
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we refer to as theniform expansioriechnique. While primitive, this technique has
proved to be adequate when applied to many problems.

Prototype implementation. In addition to the theoretical and modeling contributions
provided in this dissertation, we also developed a prototype implementation, called
TEMPQ to test our methodologf EMPOimplements all of the major ideas connected
with our transistor micro-placement methodology. A complete end-to-end system is
provided by linkingTEMPO with an analog detailed routeANAGRAM-II from
Carnegie Mellon University, and with an optional cell compadithSTERPORT

from Duet Technologies inc. A series of experiments conducted with this prototype
system yielded encouraging results.

Circuit benchmarks. The need to demonstrate our methodology pointed out the lack
of a comprehensive set of benchmark circuits of the type which we have targeted. We
have assembled a set of 22 benchmark circuits, taken mostly from the solid state
circuits literature, which represent a wide cross section of circuit logic families. Static
and dynamic CVSL, single and dual ended Pass Transistor Logic (PTL), dynamic and
guasi-dynamic domino CMOS, and zipper CMOS are all well represented. These
benchmark circuits should prove useful not only in the study of the cell synthesis
problem, but also in the fields of logic testing and test vector generation, transistor size
optimization, and timing characterization and optimization. They may also be of use to

those studying high-performance logic synthesis and logic mapping.

6.3 Future Work

As in any research project, every question we asked yielded multiple possible solutions.

And every solution yielded more questions. If every lead were followed this dissertation would

never have been completed. However, there are a large number of intriguing questions which

remain unanswered, and a number of aspects to our methodology which demand further explora-

tion. The work which culminated in the implementatioTm&BMPOrepresents only a first attempt

at the new problem of high performance digital cell synthesis. In this section we discuss several

problems which we intend to address in further work on this subject. We begin with several “grand

challenge” problems which will require considerable work, and conclude with a short laundry list

of features which we intended to implement but which for one reason or another ended up here.
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Partial chain symmetry. In abandoning the dual transistor chain optimization
techniques common in early cell synthesis work we made the choice to abandon the
regular structure of such circuits. While it is true that many of the circuits which we
target present very irregular schematics, it is almost never true that they are completely
free of some regularity or symmetry. One component of the “black art” of cell design
as practiced by experienced human designers is the clever use of such patterns of
symmetry. In the same way that the use of geometry sharing results in reduced
transistor source/drain metal routing, the presence of symmetric chain layouts will

reduce the complexity of the polysilicon gate routing.

It is likely that significant gains in layout quality will be realized through the

development of automated methods for discovering and exploiting patterns of
regularity and symmetry in the designs. This will demand effort both in the static
clustering stage of the methodology, which must be responsible for producing
symmetric transistor clusters, and in the dynamic chain optimization stage, which must

enforce symmetry constraints between chains.

We point out that it is not necessary for chains to be completely symmetric. If say 4 out
of 10 of the gate inputs are shared between two transistor chains, it may be
advantageous to enforce a symmetry constraint which maintains the same ordering for
these 4 transistors but allows the remaining 6 to assume any ordering in the chain. It is
an open gquestion how partial symmetry constraints which involve more than two
chains should be handled.

Routing space insertion The problem of accounting for routing effects within
placement is often cited as one of the more difficult aspects of physical design. In order
to guarantee a feasible routing it is important that extra space be included in the
channels between objects. However, if too much space is inserted the placement quality
will be effected as it becomes more distorted, and extra unused space will remain after
routing. Post routing compaction can be used to remove some of this space, but if the
amount of space in non-uniform the layout may become very distorted during

compaction.
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Our benchmark experiments demonstrated the need for more powerful routing space
insertion techniques which account for the local congestion around high-aspect ratio
transistor chains. It is likely that what is needed is some form of global routing analysis
which determines the actual path that each net will take in the layout. Care must be
taken to keep the cost of this analysis down if it is applied in the inner loop of the
placement process, but more expensive techniques can be used if the routing space
insertion step is performed only once just prior to routing.

Routing cost estimation Long transistor chains in the layout present a number of
challenges to routing cost estimation as well as routing space insertion. Their high
aspect ratio and large fanin create regions of intense routing congestion, and the objects
themselves present large blockages in the layout. The simple Minimum Spanning Tree
model advocated in this dissertation does not account for the presence of blockages in
the design, and the cost function does not seek to even out routing congestion. It is
likely that significant gains in routing predictability would be seen if a routing estimate
based on a more accurate supply and demand model [122] were developed. However,
as these estimates are made in the inner loop of the placement process great care must
be taken with their computational overhead.

Layout optimization for performance. Currently, our optimization cost function
emphasizes only the minimization of cell size. However, the minimization of
performance degradation due to parasitic resistances and capacitances is an important
secondary concern. Two of the most significant sources of such parasitics are the
polysilicon routing and parasitic source/drain capacitances. The minimization of
polysilicon routing must be accounted for in both the placement and routing phases.
Parasitic source/drain capacitance is effected by the transistor clustering and chaining
decisions, and both of these phases can be augmented to encourage the merging of
timing critical electrical nodes.

Well contacts and well generationThe correct generation of diffusion well geometry

is a sometimes non-trivial problem. This task is currently performed by the Anagram-

Il router in our system, which uses a fairly simple heuristic. However, several problems
currently exist with this system. The most serious problem concerns the fact that most

standard-cell and datapath cells are normally designed to abut one another, implying
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that attention has been paid to the well-to-well design-rule spacing at the edges of the
cell. Allowances must be made, possibly in the optimization cost function, to
encourage legal cell abutment. The positioning of well contacts in the layout should
also receive more attention. We currently take a conservative approach and place one
well contact on each degenerate chain (i.e. single transistor) object in the layout. Well
contact placement in chains is not so simple, and the implementation of this feature in
the chain generator remains to be done. Ideally, a simple well contact coverage analysis
should be performed during placement and the appropriate chains constructed with the
necessary contacts. However, this would probably be too expensive. It is also possible
that the router could handle the task of well contact placement.

Links to high-level tools As a long term goal we would like to explore methods for
linking the cell synthesis process to higher level tools in the VLSI circuit synthesis
process. In the introduction of Chapter 1 we envisioned a system linking on-demand
cell synthesis to front-end logic synthesis and back-end buffer sizing, power reduction,
and wire optimization techniques. Such a system would do away with the concept of
cell libraries altogether, and create many more opportunities for detailed circuit
optimization. However a large number of problems related to cell characterization and
timing analysis would need to be addressed.

Expansion of cell template support If the TEMPO tool is to be adopted for
widespread use its ability to support more complex cell templates must be increased.
Standard cell style power routing should be supported, along with more complex 1/0O
port structures and more tightly controllable cell height/width/aspect-ratio constraints.
The required flexibility may require major work on the underlying geometry database
and placement methodology.

Reduction in execution time A topic which requires major attention is the reduction

in the computational complexity of our methodology. The execution time of a single
pass is actually quite acceptable. However, multiple trials are currently needed to
ensure a high quality solution. Future work needs to address the large variance seen in
the solutions produced by the simulated annealing optimization engine. The work
mentioned above on increasing routing predictability should address the other concern,

the large number of placements rejected as infeasible by the router. However, it may
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be worth exploring the use of constructive or hierarchical placement approaches in
order to reduce the placement time.

Transistor folding/fingering. A technique which is central to many cell synthesis
environments is the folding, sometimes also called “fingering”, of large transistors
[36]. The exploration of different transistor foldings provides an extra degree of
freedom which the placement process can use to locate a more optimal transistor
arrangement. We intended to address this capability in some form but it remains un-
implemented. Instead we allow an optional constraint to be placed on the clustering
process which enforces a maximum size variance between transistors in the same
chain. TheKOAN[17] analog placement algorithm contains an annealing move which
explores different foldings for large transistors. A similar capabilifyfgviPOwould

be straightforward to implement as it can simply be treated as an additional object
configuration, much like object rotation. It seems likely that transistors within chains
should simply be folded to match the average height of the other transistors within the
chains.

Placement compaction with routing minimization As discussed in Section 2.4.4 of
Chapter 2, the solution of the placement constraint graph is currently performed in such
a way that all objects are compacted toward the lower left corner of the placement.
However, objects not on the critical path have some slack in their motion, and it may
be advantageous to assign their positions based on secondary criteria such as the
minimization of routing length. These techniques are well known in the compaction
literature.

Annealing control algorithms. In Section 3.3.3.3 of Chapter 3 we discussed our
implementation of the simulated annealing control algorithms. However, more
complex schemes are possible which have been shown to reduce runtimes significantly
while maintaining solution quality. One cooling scheme due to Lam [56,57], or a
simplified version described by Ochotta [83], would be worth examining. In Section
3.3.3.3 we noted a profound difficulty with the stability of our dynamic move selection
algorithm, and this feature often must be disabled. This aspect of the annealing control
system could also use improvement.

Transistor chain generators Several aspects related to transistor chain generation are
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currently implemented in a non-ideal way. A simple left-edge algorithm is used to
perform the intra-chain routing which does not account for the presence of irregular
transistor widths within the chain. The best solution here may be to defer the chain
routing to the cell-level detail routing, however BldAGRAM-lIrouter cannot make
connections to diffusion, so we were forced to perform the routing statically. This has
a number of undesirable implications, especially concerning situations when a
transistor source or drain port within a chain is only given one escape direction by the
router. Another interesting problem in chain generation is the optimization of the
vertical positions of narrow transistors within the chain. It may even be advantageous
to make the chains flexible so that the vertical transistor positions within the chains
could be adjusted to optimize the packing of the chains in the layout. Recent work by
Kang & Dai [48] on sequence pair placement of arbitrary rectilinear blocks may prove
useful for this problem. One may also wish to examine issues related to the electrical

optimization of the transistors within the chains.

6.4 Conclusions

In this dissertation we have defined a new problem in the field of cell-level geometry syn-
thesis: transistor-level micro-placement and routing. This problem is characterized by the uncon-
strained placement and routing of transistors and is intended for the realization of the mask
geometry for complex non-complementary digital circuits. We have presented a complete end-to-
end methodology to address this problem which is based on the sequential application of four
steps: transistor clustering, placement, routing, and compaction. Central to this methodology is the
modeling and optimization of transistor geometry sharing, and a highlight of the work is the intro-
duction of a novel method for performing transistor chaining optimization dynamically during the
placement step. Our methodology has been implemented in a prototype toolliEvie@which
has been used to conduct a number of experiments. A new set of benchmark circuits was assem-
bled to provide representative samples of several complex CMOS logic families. In most cases,
layouts for these circuits produced witEMPO show promising area reductions when compared
with a commercial tool. In conclusion, this work can be taken to demonstrate the potential effec-
tiveness of the unconstrained two-dimensional layout topology when applied to complex non-

complementary circuit families. However, there is a great deal of potential for further work on
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many aspects of this problem.
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APPENDIX A

Transistor Sizing Methodology
A.1 Introduction

A.2 Previous Work

The optimization of transistor widths and lengths in a complex non-complementary digital
circuit represents a classic non-linear multi-objective constrained optimization problem. A great
deal of research has been conducted in the area of transistor sizing for digital circuits [19, 26, 97,
41, 81, 108], an excellent survey of which can be found in Visweswariah [121]. The usual formu-
lation of the problem is the minimization of one of the following functions: delay, area, power dis-
sipation, output rise/fall time, signal integrity, or yield. Some subset of the remaining quantities
may also be given upper or lower limits through simple constraints. For example, we may wish to
minimize the circuit area with upper bounds placed on the circuit delay and power dissipation.

In general these objective functions are nonlinear in the transistor and wire dimensions.
The optimization of delay, in particular, represents a special challenge as it is often specified as a
minimaxobjective. A minimax objective is defined as the minimum of the maximum of one or
more, possibly dependent, functions, and in this case reflects a goal of minimizing the slowest path
delay in the circuit.

The optimization of signal integrity and yield often conflict directly with the minimization
of delay, and is not always easy to measure their values or express them directly in the problem.
For example, CMOS domino logic is often designed with a small p-channel feedback transistor
(the “trickle” gate) designed to maintain a logic high on the dynamic node during static operation.
This transistor must be sized to offset the subthreshold leakage current of the pull-down network,
but its effect on the falling edge slew rate must be minimized. When optimizing strictly for delay
this gate will simply be driven to its minimum size, which may be inadequate. For this signal
integrity goal to be addressed by the optimization algorithm, the rate of decay on the dynamic
node must be measured and supplied as a constant to the problem.

Using the classification scheme of [121], traditional transistor sizing approaches can be

divided into two broad categoriestatic tuninganddynamic tuningStatic tuning uses static tim-
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ing analysis to determine the delay along each path in the circuit. It has the advantage of being fast
and input pattern independent, but is usually restricted to simple models for delay and is thus
somewhat inaccurate. Dynamic tuning makes use of dynamic, i.e. time domain, simulations of the
circuit, and uses sophisticated gradient-based nonlinear optimization techniques to solve the
resulting optimization problem. Dynamic tuning methods can make use of highly accurate simula-
tors, as long as they can supply the necessary gradient information (first-order partial derivatives,
or “sensitivities”, and possibly also second order derivatives, or “Hessians”) to the optimization
package, and are therefore generally more accurate than static techniques. However this accuracy
usually comes at the price of increased run times and limits on the maximum circuit size. They
also have the disadvantage of requiring the designer to explicitly specify the input patterns and
path delays of interest. It should also be pointed out that nonlinear optimization techniques con-
verge to a locally feasible and stationary point, but no guarantees of global optimality can usually
be made. We review several representative examples of each class of transistor sizing techniques
below.

An early example of the static tuning techniqudisOS due to Fishburn and Dunlop
[26]. TILOS adopts a gate delay model based on the Elmore delay [23,90]. This is an RC-tree
model with linear resistors and grounded capacitors whose values are related directly to the chan-
nel widths. Complex gates are collapsed to their equivalent series pullup/pulldown chains. This
gate delay model has the advantage of beipgsgnomiafunction of the gate width, and which
therefore, with a simple change of variables, can be converted amovaxfunction. Since con-
vexity is preserved over the arithmetic sum and maximum operators, complete path delays, and the
minimax objective function over these path delays, also remain convex. Convex functions have the
property that any local minimum is also the global minimum, so convex programming approaches
can be used to find optimal solutions to the objective function. In the interest of efficiently how-
ever, TILOS makes use of the following heuristic algorithm. All transistors are set to their mini-
mum size and a static timing analyzer is used to calculate the delay along each path through the
circuit. For each path which doesn’t meet its timing gaalOSwalks backwards along the path
and calculates the sensitivity of the path delay to each transistor size. It then increments the size of
the transistor with the largest sensitivity value by some small value. This process is then repeated
until the timing goals are met.

A large source of error in the delay model used iyOSis that the timing model assumes
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step function inputs on all transistor gates, neglecting the true non-ideal shape of the inputs. This
has the effect of making the delay of a gate independent of the drive strengths of its fanin gates.
Sapatnekar et al [97], using a model developed by Hedenstierna and Jeppson [41], demonstrate a
model with a ramp function input which remains posynomial, thus preserving the convexity of the
solutions space. Sepatnekal®ONTRASTransistor sizing tool uses a more accurate means of
finding the worst-case Elmore delay for complex gates, and makes use of a convex optimization
technique based on an interior point method to find a globally optimal sizing solution. It has been
shown that this optimal solution can be as little as 1/3 of the area returnedTdy@&heuristic

when the delay constraints are tight.

A final system of interest is that of Shyu et al [108]. They make use ®fltkes solution
as a starting point for a generalized nonlinear gradient-based optimization package. While the
minimax objective function is convex, it is not differentiable, and this represents a problem for gra-
dient computation. The authors address this with a new technique which thggnesiillized gra-
dients Note that, unlike the dynamic tuning approaches discussed next, this system is calculating
analytic gradients using the Elmore delay model, not making use of more accurate transient circuit
simulations.

In contrast to static tuning techniques, which generally adopt some form of the Elmore
delay model, dynamic tuning techniques make use of highly accurate transient time-domain simu-
lators such aSPICE[78]. The resulting cost functions and constraints are therefore not guaran-
teed to be convex, and more general non-linear optimization packages must be used. An early
example of this technique BELIGHT.SPICE[81] which combines th8PICEcircuit simulation
package with th®ELIGHT optimization environment. Modifications 8PICEwere required for
the calculation of sensitivity information. THREELIGHT optimization engine makes use of the
Method of Feasible Directions (MFD) to locate a solution which satisfieKuhe-Tucker86]
conditions for optimality (feasibility and stationarity). A major strength of this work is its empha-
sis on the user interface: it supports the notions of tartthandsoft constraints, the latter being a
range of bounds on acceptable solutions, with increasing “goodness,” which can be adjusted by the
user to obtain acceptable solutions.

A more modern example of a dynamic tuning todliffyTune an internal tool at IBM due
to Conn et al [19)JiffyTunemakes use of a transient simulator caB&ECS~hich adopts simpli-

fied device models and an event-driven charge transfer algorithm for efficient time domain MOS-
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FET simulation. It is reported th&PECSuns transient simulations about 70 times faster than a
SPICElike simulator while providing acceptable accuracy. In addition, parameter sensitivity
information can still generally be supplied in less time that a sBRIEEtransient run. A general
gradient-based non-linear optimization package calldCELQOTis used to perform the optimi-
zation. The non-differentiability of the minimax objective function is handled with a simple

change to the objective function:

minimize maximum f(x) (46)
xOR'iOM={1,2 .., m

can be reformulated as

minimize (2) 47
zORxOR'
subject to the inequality constraints
z- (=0 l<ism. (48)

It has been reported [121] that JiffyTune was able to tune a circuit with 6,900 transistors
(4,128 of then tunable) in about 2 hours of CPU time.

We conclude this review with some relevant observations about the future of the field of
transistor sizing which are taken from Visweswariah [121]. While most existing tuning tools are
capable of optimizing for a single objective function, it is often the case that users would prefer to
specify multiple objectives and see a complete sp’aojto-optima]l solutions from which they
may choose. This would require the use of more sophistioai#ttdcriteria optimization methods
[111]. In addition, optimization frameworks which include models for circuit reliability and yield
are becoming increasingly important. Currently most designers rely on simple practoeseof
analysisanddesign centeringwhich can be incorporated in existing systems, but practical imple-

mentations of more sophisticated statistical optimization techniques are needed.
A.3 The Topt Transistor Optimization Tool

In approaching our transistor sizing problem we immediately rejected the static tuning

1. An assignment to the free problem parameﬂeors parnsto optimaif, over all of the objective
functions f4(a), ..., f (a) , there does not exist an assignneent  sucH {fa) < fi(O(O) for
alio0{1,...,k}, andfj(O() < fj(O(O) for at leastongd{1, ..., k} .SeEll, page 4].
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approaches. Dynamic tuning has been shown to be considerably more accurate for ordinary series-
parallel circuits. In addition, the RC-tree Elmore delay model cannot be applied to some of the
more “analog” circuit families—pass transistor logic and the positive feedback portions of CVSL
gates in particular. Therefore we have adopted a dynamic tuning approach. However, most of the
state-of-the-art dynamic tuning tools are proprietary and we were unable to gain access to them. In
order to size our benchmark circuits, and in the interest of keeping our methodology open to the
widest possible group of users, we have implemented our own heuristic transistor sizing algorithm.
Our tool, calledTopt is implemented asRERL script which iteratively callSPICEin a
manner that mimics the manual design process. More forriajtymakes use of a direct search
technique for iterated univariate nonlinear optimization. We begin with a description of the input
files which are used to specify the optimization problem, which is followed by a detailed discus-

sion of the nonlinear optimization algorithm usedapt

A.3.1 TheTopt Input Specification

As an example of the operation Tdpt we will be using portions of th8PICEandTopt
input files from the “sa_ff” benchmark, which is a dynamic flip-flop used in the Digital Equipment
Corporation’s StrongArf microprocessor [76].

The user suppliesopt with a SPICEinput file in which the tunable transistors are given
parameterized widths and possibly lengths (see Figure 67). A sequence of input vectors must be
supplied (see Figure 68) along with one or more named “measure” statements which measure DC
or transient behaviors of interest: usually rise/fall delay times and peak or RMS power (see
Figure 69). In addition, in order to supply boundary conditions on the optimization, some form of
non-tunable load must be placed on each primary output, and a non-tunable driver with finite drive
strength (i.e. not a square wave or piecewise linear supply) must be placed on each primary input.

It is important that the input vectors and “measure” statements exercise a rising and a fall-
ing transition through each tunable transistor. Otherwise the algorithm will greedily reduce each
uncovered transistor width to its minimum in order to reduce its parasitic effects on paths which
are measured. The user is currently required to derive this information manually—an interesting
avenue for future work is the automation of this test vector generation process.

The SPICEinput file is supplied t@optalong with a control file written in a simple for-

mat. This file, shown in Figure 70, begins with a series of “SWEEP” statements that specify the
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1 * FF NMOS devices

2 M1 VSS CLK 2 VSS NMOS W=wnl

3 M2 3 IN_H 2 VSS NMOS W=wn2

4 M3 4 IN_L 2 VSS NMOS W=wn2

5 M4 3 VDD 4 VSS NMOS W=wn3

6 M5 5 6 3 VSS NMOS W=wn4

7 M6 6 5 4 VSS NMOS W=wn4

8

9 * FF PMOS devices

10 M7 5 CLK VDD VDD PMOS W=wpl

11 M8 5 6 VDD VDD PMOS W=wp2

12 M9 6 5 VDD VDD PMOS W=wp2

13 M10 6 CLK VDD VDD PMOS W=wp1l

14

15 * latch NAND #1

16 M11 OUT_L 6 VDD VDD PMOS W=wp3
17 M12 OUT_L OUT_H VDD VDD PMOS W=wp3
18 M13 OUT_L 6 7 VSS NMOS W=wn5
19 M14 7 OUT_H VSS VSS NMOS W=wn5
20

21 * latch NAND #2

22 M15 OUT_H 5 VDD VDD PMOS W=wp3
23 M16 OUT_H OUT_L VDD VDD PMOS W=wp3
24 M17 OUT_H 5 8 VSS PMOS W=wn5
25 M18 8 OUT L VSS VSS PMOS W=wn5

Figure 67: SPICE file excerpt showing parameterized transistor widths forTopt

1 * measure latch evaluate phase

2 .MEASURE TRAN dly_ 1 TRIG V(CLK) VAL=0.33 RISE=1 TARG V(OUT_L)
VAL=0.33 FALL=1

3 .MEASURE TRAN dly_ 2 TRIG V(CLK) VAL=0.33 RISE=1 TARG V(OUT_H)
VAL=2.97 RISE=1

4 .MEASURE TRAN dly_3 TRIG V(CLK) VAL=0.33 RISE=2 TARG V(OUT_L)
VAL=2.97 RISE=1

5 .MEASURE TRAN dly_ 4 TRIG V(CLK) VAL=0.33 RISE=2 TARG V(OUT_H)
VAL=0.33 FALL=1

6

7 *measure latch precharge phase

8 .MEASURE TRAN dly_5 TRIG V(CLK) VAL=2.97 FALL=1 TARG V(3) VAL=2.00
RISE=1

9 .MEASURE TRAN dly_6 TRIG V(CLK) VAL=2.97 FALL=1 TARG V(4) VAL=2.00
RISE=1

Figure 69: SPICE file excerpt showing delay measurement statements féiopt

names of each tunable parameter along with its initial value, upper and lower bounds, and step
size". Multiple transistors can be assigned the same parametric widti2ahdM3in Figure 67)
which allows symmetry to be retained in regular circuits and which also reduces the size of the

search space.
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1 V1 CLK_fVSS PWL
2 + ons Ov,

3 + 10ns Ov,

4 + 10.5ns 3.3v,
5 + 20ns 3.3v,
6 + 20.5ns Ov,
7 + 30ns  Ov,

8 + 30.5ns 3.3v,
9 + 40ns 3.3v
10

11 V2 IN_H_fVSS PWL
12 + Ons Ov,
13 + 5ns Ov,
14 + 5.5ns 3.3v,
15 + 25ns  3.3v,
16 + 25.5ns 0.0v,
17 + 40ns  0.0v
18

19 V3 IN_L _fVSS PWL
20 + Ons Ov,
21 + 25ns  Ov,
22 + 25.5ns 3.3v,
23 + 40ns 3.3v

Figure 68: SPICE file excerpt showing input waveforms forTopt

CIRCUIT sa_ff

1

2

3 SWEEP wn1 3.0 0.9 20.0 0.3
4 SWEEP wn2 1.5 0.9 20.0 0.3
5 SWEEP wn30.9 0.9 3.0 0.3
6 SWEEP wn4 2.4 0.9 20.0 0.3
7 SWEEP wn54.2 0.9 20.0 0.3
8 SWEEP wp1 3.3 0.9 20.0 0.3

9 SWEEP wp2 1.2 0.9 20.0 0.3
10 SWEEP wp33.6 0.9 20.0 0.3
11

12 DELAYS dly 1dly 2dly 3dly 4
13 DELAYS dly 5dly 6

14

15 GROUP wpnl wp3 wn5
16 ORDER wpnl wp2 wpl wn4 wn3 wn2

Figure 70: Topt control file for sa_ff benchmark circuit

Each “DELAY” statement in the control file specifies a group of one or more “measure

statement names from tH&PICE file. The measurements specified in each delay group are

1. We make use of Mead and Conway [74] style Lambda rules, so our step size is set to the value of
Lambda.
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summed, and the optimization objective function is taken to be the minimization of the maximum
(minimax) over each of these delay sums. The summation of measurement groups facilitates the
specification of circuits, such as latches and dynamic logic, in which the delay is specified as the
sum of the setup and hold times, or the precharge and evaluate times, respectively. Note that since
“measure” statements can measure more than just delay values, one can also specify a multi-objec-
tive goal that includes such things as power dissipation and output-high voltage (though all objec-
tives should be scaled to be of approximately the same magnitude).

As a final step, the user assigns a fixed ordering to the transistor size parameters with an
“ORDER” statement. Transistor “GROUP” statements can be used to group two transistor size
parameters into a single item in this ordering. The purpose served by the “ORDER” and
“GROUP” statements are described next as we discuss the nonlinear optimization algorithm which

is used inTopt

A.3.2 TheTopt Nonlinear Optimization Algorithm

Most sophisticated nonlinear optimization algorithms intended for general problems make
use of a gradient descent method for performmifivariate minimizationMost of the following
review material is take from Scales [99]. In general, the goal is to minimize an objective function

F(X) which is a nonlinear function of a vectorrofontinuous independent variables

X = [xl Xy .. xn}T. (49)

Most multivariate minimization algorithms aiterative linear searclprocedures which

perform the following operation until some stopping criterion is met:

Xe+1 = Xt 0Py (50)
wherex, corresponds to the variable values at the current estimate of the objective function mini-
mum at iteratiork, p, is a unit vector in the-dimensional space, arwg,  is a scalar. At iterakion
the central problem is to find an approprigie vector beginnixg at  which will move the esti-
mate closer to the global minimum, and an appropriate valug, of which will correspond to a
minimum of, or a sufficient reduction of(X) in this direction. The algorithm concludes when
two conditions are met:

1. the vector of first-order derivatives (sensitivities)¢g) is zero, a so-cdléddnary
point
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2. the matrix of second-order derivatives (the Hessian matrik)xf is positive semi-
definite.

Such a point represents a local minimum where the function is non-increasing in all directions.

Gradient descent methods chogge based on an analysis of the first-order, and possibly
second-order derivatives, and seek to move the solution in the direction of steepest descent. It
should be noted that this algorithm is not guaranteed to locate a global minimum, only a local min-
ima. In particular, if the algorithm encounters a stationary point a¥Qrga p, which is a local
maximum (or “saddle-point”) it must make a heuristic decision concerning which direction away
from the maximum to move. If the wrong decision is made, the choice may trap the algorithm in a
local minimum.

Multivariate optimization methods can be quite computationally intensive, as every itera-
tion requires information about the derivatives of the objective function with respect to every inde-
pendent variable. If the objective function is specified in analytic form it may be possible to
calculate the derivatives analytically. If this is not possible, and the objective function value at
every point must be solved numerically, the algorithm must calculate the first-order derivatives
using thecentral difference approximation
F(x+ sjej) —F()‘(—sjej)

Zsj

8F/ 8x; [ (51)

Wheresj is a sufficiently small scalar aep is the unit vector if-theoordinate direction. If
this information is not available directly from the numerical solver it will reqOife) calls to the
solver in order to calculate it. The calculation of second-order derivatives is even more expensive.
In our transistor sizing problem the objective function seeks to minimize the transient
delay of the circuit by optimizing the transistor width and length parameters. The objective func-
tion can only be solved with the use of a time domain circuit simulator s\ 8Pl@& Topt makes
use of theHSPICEsimulator from Avant! inc. which does not make derivative information avail-
able to the user. In the interest of minimizing the number of circuit simulations which must be run,
we seek to avoid th®(n)  cost per iteration which is associated with the gradient calculation. Our
method reduces this cost @(1) by adopting a simpler alternative to the multivariate optimiza-
tion approachunivariate optimization

Univariate optimizatiohis defined as the optimization of a function of only one indepen-

1. See [98] chapter 2.
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dent variable. When applied to a multivariate optimization problem, however, we interpret this as
an optimization step in which the vectpg is non-zero for only a single variable. In other words,
at every iteration the algorithm follows a gradient along which only a single variable is changing—
all other variables are held constant. The selection of this single free variable could be made by
selecting the variable with the largest sensitivity, but this would still require the calculation of all
first derivatives. In order to avoid the expensive derivative calculation step we adopt an even more
constrained method of free variable selection. In our method, which wiecaled univariate
optimization we simply iterate through the variables in a fixed user-supplied order. The objective
function is separately optimized with respect to each variable in the given order, and the process is
repeated until it converges on a local minimum. Pseudo-code for this process is shown below.

In theToptpseudo-code, the functidNITIALIZE() orders the parameters as specified
by the user with the “ORDER” directive in the Topt control file, and sets them to their initial val-
ues. The functioSIMULATE() calls theSPICEsimulator and returns the maximum of the mea-
surement value sums specified by the user with the “DELAY” directives in the control file.
Similarly, SIMULATE-UP() andSIMULATE-DN() call the simulator with the selected parame-
ter either incremented or decremented by its step size. The three simulation calls at lines 4—6 of
ITERATED-GRADIENT-DESCENTY() effectively allow the gradient of the cost function, with
respect to the single free variable, to be calculated by the central difference approximation. The
while loop beginning at line 15 then follows this gradient until a local minimum is found. After
this process is repeated for every variabl&RATED-GRADIENT-DESCENT() returns. The
TOPT() main loop repeats this entire process until no change is observed in the parameters. Note
that in this pseudo-code we do not show the bookkeeping required to keep track of the current or
the optimal value of the vector of parameters.

One way to view thdoptalgorithm is by noting that, in each iteration of the loop starting
at line 2 iNITERATED-GRADIENT-DESCENTY(), the algorithm is following the 1-dimensional
cost surface which lies between the initial solution estimate and the final locally optimal solution.
As an added featurdopt also allows two free parameters to be explored simultaneously. By
extension this would be referred tolagariate optimizationand it can be viewed as the explora-
tion of a two-dimensional cost surface. This option is exercised through the use of the “GROUP”
directive in the Topt control file (see Figure 70) and is useful for speeding up convergence when

optimizing inverters, complementary pass gates, and length-two series chains.
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TOPT (Circuit C Parameter_List P

P — INITIALIZE( P

done ~ FALSE

while  done = FALSE
temp ~ P
ITERATED-GRADIENT-DESCENT(C,P)
if temp= P

done ~ TRUE

O~NOOT A WNPF

return

ITERATED-GRADIENT-DESCENT(Circuit C, Parameter_List P)

1 for i <1 to lengthl A

2 done ~ FALSE

3 val — SIMULATE( P)

4 val_up ~ SIMULATE-UP( P, i)
5 val_dn ~ SIMULATE-DN( P,i )
6 if val up < val

7 dir ~ UP

8 val « val_up

9 else if val_ dn < val

10 dir — DOWN

11 val « val _dn

12 else

13 done ~ TRUE

14 while  done = FALSE

15 if dir =UP

16 new _val ~ SIMULATE-UP(P)
17 else

18 new_val ~ SIMULATE-DN(P)
19 if new_val < val

20 val ~ new_val

21 else

22 done ~ TRUE

23 return

In order to implement the bivariate optimization feature, in the pseudo-code at lines 4—6 of
ITERATED-GRADIENT-DESCENT() where three simulations are required to determine the
gradient, two grouped parameters will require nine simulations. During the follovkitey loop
at lines 16-19 which then follows this gradient, instead of performing a single simulation along
this same gradient we perform five more simulations to calculate a new gradient direction (three of
the simulations would take us back to the same point as the previous iteration, so they do not need

to be repeated.) Note that we are no longer performing linear search, instead we are finding a new
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1 optimizing parameter: wpl

2 curr=3.3 delay=1.19582e-09 power=5.2377E-04

3 trying wp1=3 delay=1.20821e-09 power=5.2062E-04

4 trying wp1=3.6 delay=1.18695e-09 power=5.2479E-04

5 new=3.6 delay=1.18695e-09 power=5.2479E-04

6 optimizing parameter: wpl

7 curr=3.6 delay=1.18695e-09 power=5.2479E-04

8 trying wp1=3.9 delay=1.18169e-09 power=5.2687E-04

9 new=3.9 delay=1.18169e-09 power=5.2687E-04

10 optimizing group: wpnl {wp3,wn5}

11 curr=(3.6,4.2) delay=1.20646e-09 power=5.0859E-04

12 trying {wp3,wn5} = {3.3,3.9} delay=1.21708e-09 power=5.0307E-04
13 trying {wp3,wn5} = {3.3,4.5} delay=1.20867e-09 power=5.0812E-04
14 trying {wp3,wn5} = {3.3,4.2} delay=1.21161e-09 power=5.0563E-04
15 trying {wp3,wn5} = {3.6,3.9} delay=1.21316e-09 power=5.0591E-04
16 trying {wp3,wn5} = {3.6,4.5} delay=1.20188e-09 power=5.1122E-04
17 trying {wp3,wn5} = {3.9,4.2} delay=1.20333e-09 power=5.1144E-04
18 trying {wp3,wn5} = {3.9,3.9} delay=1.21106e-09 power=5.0865E-04
19 trying {wp3,wn5} = {3.9,4.5} delay=1.19917e-09 power=5.1420E-04
20 new=(3.9,4.5) delay=1.19917e-09 power=5.1420E-04

21 optimizing group: wpnl {wp3,wn5}

22 curr=(3.9,4.5) delay=1.19917e-09 power=5.1420E-04

23 trying {wp3,wn5} = {3.6,4.8} delay=1.19995e-09 power=5.1381E-04
24 trying {wp3,wn5} = {3.9,4.8} delay=1.19719e-09 power=5.1692E-04
25 trying {wp3,wn5} = {4.2,4.5} delay=1.199e-09 power=5.1708E-04
26 trying {wp3,wn5} = {4.2,4.2} delay=1.20323e-09 power=5.1422E-04
27 trying {wp3,wn5} = {4.2,4.8} delay=1.19657e-09 power=5.1993E-04
28 new=(4.2,4.8) delay=1.19657e-09 power=5.1993E-04

Figure 71: An excerpt from a Topt optimization run of the sa_ff circuit

gradient at each step in an effort to find the exact local minimum of the two dimensional cost sur-
face in the neighborhood of the starting point.

The operation ofoptis demonstrated in Figure 71. First we show the initial gradient cal-
culation for a single parameter wp1l, followed by one step along the calculated gradient. Next we
show the calculation of the initial gradient for the parameter wpnl, which groups parameters wp3
and wnb, followed by a second gradient calculation of the same group.

The Toptalgorithm is somewhat primitive and possibly expensive in terms of the number
of calls toSPICE but it is extremely flexible and has been found to work well in practice. Its con-
vergence on a global solution is not guaranteed, but in our experience with the tool we have not
noticed convergence to be a problem. We justify this statement with the following analysis.

The global objective function is highly non-linear. However the one-dimensional cost sur-
face of each delay function with respect to a single free parameter, while not guaranteed to be con-
vex, will in general have a single minimum and remain non-decreasing in the neighborhood of that

minimum. In addition, the minimax of the sum over several of these functions will retain this prop-
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Figure 72: A subcircuit of the aoi_Iff benchmark used to produce Figures 73 and 74.

erty and also have a single easily found minimum. In fact, we find that the minimax objective func-
tion usually has its minimum at a discontinuity where a falling delay and a rising delay at some
critical output meet.

Our claim can be justified intuitively from the observation that when an individual transis-
tor is given a size away from this local minimum:

» asits sizeis increased the loading on its driving gate increases monotonically, resulting

in a slower input slew rate and increased delay.

* as its size is decreased its ability to drive its output load will decrease monotonically

resulting in a slower output slew rate and increased delay
As the path delays in the circuit depend in a nonlinear fashion on both the input and output slew
rate of a particular gate, tlh@onotonicityof the delay measurement cannot be guaranteed, but it is
in general guaranteed to hen-decreasin@s it moves away from the local minimum.

We provide several examples to support the above claim. In Figure 72 we show part of the
output stage of the aoi_Iff benchmark circuit. In Figure 73 we show the falling and rising delays of
the circuit with respect to the width of transistt2. On the right we show a large scale plot vary-
ing the width up to 5@um. On the left is a finer resolution curve over more reasonable sizes near
the optimum. One can see that the curves, while not convex, are non decreasing on either side of
the minimum. In Figure 73(c) we superimpose the two curves and it is easy to see that their mini-
max has a single minimum at {ur8.

We also argue that the quality of the optimization is retained for paired transistors over

their 2-dimensional cost surface. Using the same example circuit, in Figure 74 we show the delays
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(c) Rising and falling delays superimposed

Figure 73: HSpice simulations showing the circuit rising and falling delays as a function
of the width of transistor M2 in Figure 72.

as a function of the widths transistov®, M3, andM4 (M2 andM3 are given the same width

parameter.) One can see the minimax of the falling and rising delay curves has a single global min-

imum.

In Figure 75 and Figure 76 we show an example of the dynamic behavioptafuring

the course of an optimization. In the first plot we show the values of three transistor width parame-

ters in relation to the objective function. An example of a single parameter as well as two paired

parameters are shown. One can see the points during the iteration when the sensitivity of each
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(a) Falling delay

1.232x10°°

1. 23x10°
1.228x10°
1.226x10°
1.7224x10

©

(b) Rising delay

©

(c) Rising and falling delays
superimposed

Figure 74: HSpice simulations showing the circuit rising and falling delays as a function
of the widths of transistorsM2, M3 and M4 in Figure 72. TransistorsM2 and M3 are as-
signed the same width, and all width values are normalized to lie between 0 and 8, with the

optimum at 4.

parameter is being evaluated. The width of transistor M15 in particular shows a dramatic jump at
one point during the process. The peaks in the delay curve show the simulation at points which

represent attempts to move in the opposite direction of the gradient. The second plot shows the
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Figure 75: An example showing the dynamic behavior of the Topt transistor optimization
tool. Dynamic size information is shown for M19, a single transistor, and the group M27,
M25/M26 in which M25/M26 are parallel connected with the same width and are in series

with M27.
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Figure 76: An example showing the relationship between the sum of the tunable transistor
widths and the minimax of the path delays in the circuit.

192



aoi_|ff

60 0.62
power
1 |
anf i
I %av"w“\,‘M\aj‘w“lw; iy | 06
i I |
50 ﬂ'y
! parameter
< sum
> —
=) 10582
£ =
3 9]
5 g
5 a
x
§ 10568
[ o
o
4 0.54
L 0.52
200 400 600 800

simulation number

Figure 77: An example showing the relationship between peak power consumption and
the sum of the tunable parameters in the circuit. This sum is a reasonably good estimate
of the power

objective function and the sum over all of the parameter values. This plot provides a good sum-
mary of the overall progress of the simulation. Notice that this sum is not always an increasing

function, it can easily explore situations in which transistors should be reduced in size to speed up
the circuit. Figure 77 demonstrates that the sum over the parameter values is generally a good
approximation of the peak power required by the circuit.

We conclude with some notes on the use of the algorithm. We have found that the best
results are obtained when the user iterates through the parameters roughly in order from the pri-
mary outputs toward the inputs. The reason for this is that the delay of a gate depends more
strongly on its output load than the strength of its driver (recallTtthh#&®S neglects the effect of
the driver altogether.) It therefore makes more sense to attempt to determine a transistor’s load
before that transistor is evaluated. The choice of good starting values for each width parameter can
greatly aid convergence.

Currently the algorithm attempts to optimize delay as the only objective. However, a log
of parameter values at each iteration is kept, and the user can make use of this data, e.g. Figure 76,

to stop the algorithm at any point they judge to be a good trade-off between area and delay. In this
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example we may wish to stop the process at approximately iteration number 500 as the delay has
very nearly reached its optimal value. In our experiments we are interested in exploring the optimi-
zation of circuits with a wide range of transistor sizes, and in order to avoid arbitrary stopping cri-
teria selection, we have chosen to take our benchmarks transistor sizes from the solution at the

final stationary point.
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APPENDIX B

Experimental Data

This appendix contains the detailed data associated with the experiments of Chapter 5.
Table 7 gives some relevant statistics concerning the size and complexity of each benchmark. The
number of transistors and number of nets are given with the average net fanout. Net fanout is
reported both for all nets, and for all signal nets (excluding power and ground nets.) This data cor-
responds to the charts in Figure 56.

Table 8 gives experimental circuit area data compafrlBiyPO and CadenceAS Over
the 100 experiment runs, the table gives the minimum and average placement area, from among
the routeable solutions, returned ByMPObefore compaction. We also show the standard devia-
tion among the routeable placements, and the number of standard deviations below the mean at
which the minimum placement was located. Finally we show the post-compaction final area of the
best solution, compared with the area obtained with Cadence LAS. This data corresponds to the
charts in Figure 68.

Table 9 gives some execution statistics for the circuit benchmark experiments. We show
the percentage of the 100 experiment runs that yielded routeable placements, along with the aver-
age runtime for each phase of the cell synthesis process (placememEMEQ, routing with
ANAGRAM:-I| and compaction with CascalASTERPORT This runtime data is taken from the
minimum area solution. For reference we show our total runtime with the Cadé8centime.

This data corresponds to the charts in Figure 63.
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Table 7: Benchmark Circuit Characteristics

Avg. net Avg net
Name #trans| #netd fanout fanout
(—vdd/gnd)

aoi-Iff 30 24 5.38 3.55
blair-ff 20 16 5.50 3.86
dcsl3-42comp 70 47 6.36 4.60
dcvsl-xor4 23 22 9.77 3.55
dec-csa-mux 47 34 6.03 4.06
diff-fa 30 20 6.60 4.67
dpl-fa 48 22 9.27 6.90
dptl-42comp 65 41 6.76 4.49
emod|-cla 35 33 4.84 3.55
ghz-ccu-merge 30 25 5.56 3.73
ghz-ccu-prop 32 32 4.53 3.27
ghz-mux8-la 84 56 6.41 4.20
mux2-sdff 33 22 6.36 4.00
muxff 24 21 5.05 3.47
ptl-42comp 63 36 7.39 4.88
ptl-rba 56 32 7.50 5.20
gnp-fa 23 21 4.81 3.37
sa-ff 18 14 5.64 3.92
sa-mux-ff 40 32 5.36 3.67
t17-fa 21 14 6.50 5.08
xor-ff 33 24 5.88 3.86
zip-fa2 40 33 5.21 3.68
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Table 8: Benchmark circuit area data

Name min. avg. std. | #std.| final | LAS % area
area | area | dev. dev. | area | area | decrease
aoi-Iff 2275 | 2931 | 365.6| 1.79] 2100 2161 2.90%
blair-ff 1858 | 2381 | 290.1| 1.80] 1897 2041 7.91%
dcsl3-42comp| 9878 1125p 1090|1 1.26 70742 8356 8.92%
dcvsl-xor4 1895 | 2286| 263.3] 1.49 1789 2499 39.69%%
dec-csa-mux 4782 5454  377.6 1.78 4511 5017 11.22%
diff-fa 2449 | 3011 | 409.9| 1.37| 2224 2497 12.28%
dpl-fa 7305 | 9087 | 897.4| 199 6397 3950 -61.82%
dptl-42comp 9009 | 10738 878.1 19y 7008 7879 12.51%
emodl|-cla 3638 | 4275| 384.3] 166 3336 4027 20.71%
ghz-ccu-mergg 2858 3500 586.0 1.10 2832 3598 27.05%
ghz-ccu-prop 2746 | 3472 363.9 199 2280 2939 28.90%
ghz-mux8-la 14709 17126 1189/0 2.08 10670 10680 0.09%
mux2-sdff 3152 | 3637 | 480.2| 1.01 3054 3632 18.93M0
muxff 1851 | 2279 | 253.8 1.69] 1654 177( 7.01%
ptl-42comp 7934 | 8828| 752.00 119 6339 7792 22.92%
ptl-rba 6610 | 8690 | 755.0/ 2.7§ 6237 3868 —61.45%
gnp-fa 1468 | 1840 | 223.3| 1.64 1463 173p 18.66M0
sa-ff 1312 1637 | 227.5 1.43 1041 1465  40.73%
sa-mux-ff 3780 | 4701 | 470.8)] 196 276% 326p 18.12M0
t17-fa 1199 | 1587 | 210.1 1.8 1143 1528  33.25%
xor-ff 3072 | 3819 | 4134 | 1.81] 2394 2713 13.32%
Zip-fa2 2888 | 3485 | 429.4| 139 2546 3258 27.77%
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Table 9: Benchmark circuit execution data

Name | complerd TEVPO | ANAGRAM | o SLn | total | LA
time

aoi-Iff 58% 2066 281 94 2441 | 462
blair-ff 65% 347 809 53 1209 | 510
dcsl3-42comp| 15% 5697 7596 545 13838 888
dcvsl-xor4 54% 272 572 61 905 368
dec-csa-mux 16% 5463 2863 342 8668 | 639
diff-fa 27% 1171 7763 116 9050 | 198
dpl-fa 57% 7443 2896 475 10814 | 685
dptl-42comp 44% 6085 2584 562 9231 | 797
emodl-cla 16% 1277 2847 258 4382 | 454
ghz-ccu-mergg 19% 951 3704 183 4838 | 776
ghz-ccu-prop | 12% 416 817 120 1353 | 490
ghz-mux8-la 52% 14764 10639 947 26350 2203
mux2-sdff 47% 2575 811 171 3557 | 618
muxff 73% 554 530 60 1144 | 428
ptl-42comp 22% 8372 3474 854 12700( 915
ptl-rba 69% 2831 2455 623 5909 | 918
gnp-fa 43% 567 474 47 1088 | 881
sa-ff 79% 123 39 40 202 113
sa-mux-ff 59% 2153 311 141 2605 | 508
t17-fa 45% 706 499 51 1256 | 420
xor-ff 66% 2960 169 99 3228 | 503
Zip-fa2 32% 1539 1003 170 2712 | 546
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APPENDIX C

LAS Layouts

This appendix contains the benchmark layouts produced by the LAS (LAout Synthesizer)

tool from Cadence Design Systems inc.
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LAS layout: AOI-LFF (area = 2161um?)
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LAS layout; DCSL3-42COMP (area = 835Am?)
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DEC-CSA-MUX (area = 5017u1m?)
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LAS layout: DIFF-FA (area = 249um?)
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LAS layout: DPTL-42COMP (area = 7879im?)
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LAS layout: EMODL-CLA (area = 4027pm?)
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LAS layout; GHZ-CCU-PROP (area = 2939im?)
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LAS layout; GHZ-MUX8-LA (area = 10680um?)
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LAS layout: MUX2-SDFF (area
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LAS layout; PTL-42COMP (area = 77921m?)
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LAS layout: QNP-FA (area = 173¢im?)
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LAS layout; SA-MUX-FF (area = 3266m?)
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LAS layout: T17-FA (area = 1623m?)
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LAS layout: XOR-FF (area
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LAS layout: ZIP-FA2 (area = 32531m°)
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APPENDIX D

TEMPO Layouts (Pre-Compaction)

This appendix contains the benchmark layouts produced by TEMPO before the compac-

tion step.
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TEMPO layout: AOI-LFF (area = 22751m?)
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TEMPO layout: BLAIR-FF (area = 18581m?)
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TEMPO layout; DCSL3-42COMP (area = 987fm?)

"""""""""""

225



TEMPO layout: DCVSL-XOR4 (area = 189%m?)
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TEMPO layout: DEC-CSA-MUX (area = 47821m°)
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TEMPO layout: DIFF-FA (area = 2449um?)
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TEMPO layout: DPL-FA (area = 7305m?)
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TEMPO layout; DPTL-42COMP (area = 9009im?)
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TEMPO layout; EMODL-CLA (area = 3638um>)
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TEMPO layout; GHZ-CCU-MERGE (area = 2858m?)
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TEMPO layout; GHZ-CCU-PROP (area = 2746m?)
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14709um?)
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TEMPO layout
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TEMPO layout; MUX2-SDFF (area = 3152m?)
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TEMPO layout: MUXFF (area = 1851um?)
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TEMPO layout; PTL-42COMP (area = 79341m?)
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TEMPO layout; PTL-RBA (area = 661Qum?)
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TEMPO layout: QNP-FA (area = 146@m?)
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TEMPO layout; SA-FF (area = 1312m?)
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: SA-MUX-FF (area = 378Qum?)

TEMPO layout
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TEMPO layout: T17-FA (area = 1199m?)
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TEMPO layout; XOR-FF (area = 30721m?)
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TEMPO layout: ZIP-FA2 (area = 288§im°?)
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APPENDIX E

TEMPO Layouts (Post-Compaction)

This appendix contains the final benchmark layouts produced by TEMPO at the conclu-

sion of the compaction step.
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Final layout: AOI-LFF (area = 2100um?)
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Final layout: DIFF-FA (area = 2224um?)
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Final layout: T17-FA (area = 1143im°)
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