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SUMMAR Y

In this dissertation, tree optimization and synthesis algorithms are studied in the context of auto-

mated designof integrated circuits. It is shown how thesetechniquescan be employed in interconnect

optimization, synthesis and bu�ering while considering the following issues:routing and bu�er block-

ages,minimization of interconnect and bu�er costs,congestion,exploitation of temporal locality among

the sinks and addressingsink polarit y requirements. A universal tree synthesis algorithm (U-Tree) is

presented and it is demonstrated how to implement other algorithms (P-Tree, S-Tree, SP-Tree) using

this 
o w.

Then a set of techniques for placement-coupled, timing-driv en logic replication is presented. Two

components are at the core of the approach. First is an algorithm for optimal timing-driv en fanin tree

embedding derived from the U-Tree framework. The algorithm is very general in that it can easily

incorporate complex objective functions (e.g., placement costs) and can perform embedding on any

graph-basedtarget. Secondwe intro duce the Replication Tree which allows us to induce large fanin

treesfrom a given circuit which can then be optimized by the embedder. We have built an optimization

enginearound thesetwo ideasand report promising results for the FPGA domain.

Somebasic ideas, trends and background material are intro duced in Chapter 1. Then it is shown

how to model routing and embedding region (i.e. placement target) using general graph model. It

is argued that generality and 
exibilit y of graph model is very important for the applications of pre-

sented algorithms when one considersconstant changesin technology speci�cations and optimization

objectives. A presentation of the contributions of this dissertation follows.

xiii



SUMMARY (Continued)

In Chapter 2 the fanout tree optimization problem is described. A description of the 2-pin path

problem (as a simplest caseof a tree) and a maze routing algorithm is presented. Although some

of the presented techniques are known and well established, they are included in the presentation

for purposesof completeness. These techniques constitute a necessarybackground material which

enablespresented contributions. Then a mazerouting algorithm is generalizedto timing-driv en maze

routing. Generalizations include delay optimization by bu�er insertion and concludewith cost aware

timing driven maze routing with bu�ering. A 2-pin path solution is further generalizedto �xed tree

optimization. Then follows a solution for tree optimization with \soft" edges(where branching points

are �xed, but paths betweenthem are not). Presented techniquesare then usedas building blocks for

a fanout tree embedding algorithm. An extension of a fanout tree embedding algorithm which does

not assumeexact location of the driver and thus can be usedto embed trees that connect, for example,

to a bus is discussed.

Chapter 3 presents tree synthesis techniques. Description begins with the tree topology space

and the paradigm of optimally solving the constrained variant of the problem. Then a universal tree

synthesis algorithm (U-Tree) is presented and it is shown how it can be utilized in timing-driv en and

cost aware timing-driv en mode. Implementation of the P-Tree algorithm using this 
o w is presented

and new tree synthesis algorithms (S-Tree and SP-Tree) are intro duced. They are basedon a number

of criteria and objectives in mind which are believed to be of practical importance: simultaneous

bu�er insertion and tree construction, handling routing and bu�er blockages, temporal locality and

sink polarit y requirements, abilit y to handle relatively high fanout nets, cost/p erformance trade-o�s

(area, power and congestion). An experimental evaluation of those algorithms is presented.

xiv



SUMMARY (Continued)

Similarities betweenfanout and fanin tree embedding problemsare shown in Chapter 4 and a solu-

tion for fanin tree embedding is proposed. As an examplea tool for timing optimization of FPGAs by

placement-coupled logic replication is presented. A replication tree is intro duced as a way to generate

tree structure from non-tree circuit speci�cation. The tool usesreplication tree and the U-Tree frame-

work to solve a fanin tree embedding problem. Further, somee�ects that emergefrom reconvergences

in netlist speci�cation arestudied and a fanin tree embeddingalgorithm that over-optimizessub-critical

paths is proposedto addresstheseissues.

Finally, conclusionand somedirections for future work are presented in Chapter 5.
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1. INTR ODUCTION

Technology of integrated circuits (IC) has evolved from the integration of a few transistors in the

1960sto the integration of millions of transistors in Very Large Scale Integration (VLSI) chips in use

today. Automated techniquesare a necessarycomponent required by di�eren t steps in the designand

manufacturing. Due to the large number of individual components that needto be consideredduring

the designof an IC in VLSI technology, the processbecomesimpractical without useof computersand

automation. Almost all phasesof automated designuseComputer Aided Design (CAD) tools.

The needfor large number of CAD tools signi�cantly in
uenced the growth of the whole new area

known as VLSI Design Automation. It's focuseis on research and development of algorithms and data

structures related to the processof fabricating integrated circuits. 1 According to (47) VLSI design

cycle could be divided into following steps: systemspeci�c ation, architectural design, functional design,

logic design, circuit design, physical design, fabrication and packing and testing.

In this work we have our focus mostly on physical designwith brief excursionsinto circuit design

phase. Physical design phase itself is large and it comprisesof the following components: partition-

ing, 
o orplanning and placement, routing, compaction and extraction and veri�c ation. One may argue

that due to problem complexity and sizes,these optimization steps should be invoked independently .

However, combining someof these steps and simultaneously optimizing multiple criteria can yield a

better solution in terms of cost and performance. By carefully choosing the most critical parts of the

1Encyclopedia Britannica de�nes CAD as: \in tegration of design and manufacturing into a system under
direct control of digital computers," while VLSI Design Automation relates only to the processof fabricating
integrated circuits.

1



2

circuit for combined optimization one may save on cost and gain on performancewithout intro ducing

a large computational overhead. Having this in mind, the work starts with enhancements of existing

algorithms and intro ducessomenovel approaches in the routing phase. Then we continue onto com-

bining optimizations with placement through simultaneous routing and gate placement. The universal

solution spaceencoding schemesthat we are proposing and solver that we have implemented basedon

said schemesallow this 
exibilit y.

1.1 Ov erview and Background

It has been widely recognizedthat interconnects are dominating factor for modern VLSI circuit

designs.In somecasesit cancontribute to morethan 50%of the delay. This trend is a result of increased

resistanceof the interconnect when feature sizesenter the submicron range. The trend also follows

increasednumber of metal layers and increasednumber of pre-placed macro objects, which require

non-planar algorithms that are able to handle non-uniform environment. Optimization commonly used

to improve interconnect performance is bu�er insertion. Cong (10) speculates that close to 800,000

bu�ers will be required for 50 nanometer technologies. Saxenaet al. (46) argue that the number of

repeater will rise even faster, reaching about 15% of total cell count for intrablock communications for

65 nanometer node.

Early works on bu�er insertion are mostly focusedon improving interconnect timing performance.

The most in
uen tial work is van Ginneken's dynamic programming algorithm (17). The algorithm

performs bu�er insertion on static embeddedtree and producesoptimal timing solution under Elmore

delay model (21). In (39), Lillis et al. extendedvan Ginneken's algorithm with a number of criteria of

practical importance such as using a bu�er library with inverting and non-inverting bu�ers, perform-
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ing simultaneous wire sizing, and intro ducing slew baseddelay models, while also considering power

consumption.

The major weaknessof the van Ginneken's approach is that it requires a �xed and embeddedtree

which has to be provided in advance. This constraint makesthe �nal bu�er solution quality dependent

on the input tree. Even though the algorithm provides the optimal timing solution for a given tree,

it will produce a poor solution when given a \p oor" tree. To address this problem, two di�eren t

approachesemerged.

Several works proposea two-stagesequential method where a \bu�er-a ware" tree is constructed

�rst, followed by van Ginneken's bu�er insertion as in (1), (2), (3), (4). These techniques claim small

execution time but sacri�ce solution quality and predictabilit y.

A more robust and predictable approach proposessimultaneous tree construction while performing

bu�er insertion. Lillis et al. proposedthe bu�ered P-Tree algorithm which integrates bu�er insertion

into the P-Tree Steiner tree algorithm (38). Although both approachesare heuristic in nature, the P-

Treeintro duceda paradigm of �nding an optimal solution in constrainedspace,asopposedto applying

ad hoc heuristics. If the search spacesare carefully constructed, �nding high quality solutions becomes

possible.

Recent trends toward hierarchical chip designand system-on-chip designforce certain regionsof a

chip to be occupied by large building blocks or IP objects such that bu�er insertion is not permitted.

These constraints on bu�er locations can severely hamper solution quality if these e�ects are not

considered. Thus, bu�er blockagesare consideredin the bu�ered path classof algorithms (52), (27),

(32). Although these algorithms provide optimal solutions (under speci�ed constraints), they are
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applicable only to two pin nets. Under blockageconstraints, two-stageapproaches(or even three-stage

with tree construction, blockagere-routing followed by bu�ering (5)) su�er even more in predictabilit y

and intro duce solutions of higher cost. On the other hand, there are methods which combine bu�er

insertion and topology construction ((38), (44), (45), (13)). Algorithms like bu�ered P-Tree, S-Tree

and SP-Tree,basedon generalgraph model asa routing target provide high quality solutions and have

large 
exibilit y with di�eren t optimization objectivesas shown in Chapter 3.

Sometimesthe non-tree structure of the netlist becomesthe bottleneck for further optimization.

The idea of logic replication is to duplicate certain cells in a design so as to enable more e�ectiv e

optimization of one or more designobjectives. The idea has beenapplied in several di�eren t contexts

including min-cut partitioning (e.g., (40) (41)) and fanout tree optimization (e.g., (36) (49)).

Recently a few works including (6), (18) and (19) have explored the idea of using replication to

e�ectiv ely deal with interconnect-dominated delay at the physical level. In theseworks it is observed

that, becausereplication e�ectiv ely separatesmultiple signal paths it becomeseasierto, at the physical

designlevel, \straigh ten" input-to-output (
ip-
op to 
ip-
op) paths which might otherwisehave been

very circuitous (and therefore high delay).

Finally, the choiceof circuits usedfor logic representation and netlist construction may limit further

optimization. It is possible to attack this problem by simultaneously optimizing all of the above

objectivesand re-synthesizenetlists.

1.2 General Graph Mo del

Historically, routing region in physical synthesis was viewed as planar with rectangular routes. A

classic result in the theory of Rectilinear Steiner Minim um Trees (RMST) is Hanan's theorem (23).
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Figure 1. Example of a Hanan Grid for a net with six pins.

The theorem states that there always exists a RSMT for a terminal set N where all branching points

are drawn from the n2 points formed by the intersection of horizontal and vertical lines drawn through

the n terminals. An exampleof a Hanan grid for six pins (a through f ) is shown in Figure 1. Thus, if

the optimization objective is to minimize wire length, the Hanan grid is su�cien t.

In modern designs,there are many other constraints and designobjectives. What is most important

is that constraints and designobjectiveschangewith every new technology generation. If onerequiresa

robust and 
exible algorithmic framework to addressinterconnect construction problem, no geometric

assumptionsabout routing target must be made. A general graph model which can capture almost

arbitrary set of requirements, constraints and objectives is preferred. We de�ne target routing graph

in the following way:

De�nition 1 Target routing graph TRG(V; E) is connected graph with a set of vertices V and a set

of edgesE. To each vertex v 2 V we associate a bu�er insertion candidate location with attributes
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describing insertion feasibility and cost metrics. To each edgee 2 E we associate a wire segment with

attributes required by the optimization criteria.

Designing the algorithmic framework on top of the generalgraph speci�cation of a routing target

provides enormous
exibilit y in dealing with various optimization requirements and constraints. Here

are someof the examples:

� Routing and Bu�er Blo ckages: After constructing a Hanan grid, we remove all vertices (and

edgesadjacent to them) which are covered by routing blockages. Then we include additional

grid lines which are adjacent to boundaries of those blockages(shifted in appropriate direction

by value determined from technology parameters). Intersection of those new grid lines with

existing onesalso givescandidates for branch points (Figure 2). Routing blockagesthat are not

of rectangular shape can be represented as a union of rectangular shaped blockages. Another

type of blockageis bu�er blockage,{ i.e. region in which the bu�er insertion is not allowed, but

wires can go through. To handle those we mark all vertices in routing graph that are covered

by bu�er blockagesto prevent bu�er insertion (but still considerthem as branching candidates).

Also we add extra grid lines around bu�er blockagesto allow detours for possiblebu�er pickups.

� Multiple Routing Layers and Vias: To construct a routing graph that considersmultiple

layers, one should have non-intersecting grid lines. Then, we will use edgesthat represent vias

to connect them. Via edgeswill include additional via cost, via capacitanceand resistanceand

other via attributes required by the optimization objectives. An example is given in Figure 3.
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Routing
Blockage

Buffer
Blockage

Figure 2. Example of a Routing Target Graph with routing and bu�er blockages.

Vertical
wire

Vias

Horizontal wire

Figure 3. Example of a Routing Target Graph with multiple layers and vias.
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Figure 4. Example of a Routing Target Graph that considerswire sizing.

� Wire Sizing: The resistanceof a minimum-width wire segment can be large enoughthat widen-

ing somewire segments can reduce delay. Optimization techniques by wire sizing can be found

in (9), (11), (12), (27), (37), (39).

Having multiple edgesbetween vertices in the routing graph captures properties required for

wire sizing optimizations quite naturally . Multiple edgeswith di�eren t characteristics provide

alternate routs betweenvertices in Figure 4.

� Placemen t Porosit y: Recently , someworks are addressingbu�ering and routing while paying

attention to designdensity management as in (2). Assumption is that instead zero/one decision

for bu�er placement (as with bu�er blockages),someregionsare \b etter" and someare \w orse"

for bu�er placement. An example of porosity map is shown in Figure 5. To address these

optimization requirements, one can useporosity map to guide routing graph construction.
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Figure 5. Example of a placement porosity map.
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� Arbitrary FPGA architecture: In Chapter 4 a tool for timing optimizations by placement-

coupled logic replication is presented. The e�ectiv enessof the tool is shown for the FPGA

domain. FPGA manufacturers constantly intro ducenew speci�cs into the architecture which are

very important from performancepoint of view. A robust tool is supposedto be able to model

all existing architectures and also be able to adapt to frequent changesand intro duction of new

speci�cs. A generalgraph model is a natural choice for representation of such changing target.

Theseare just someof the examplesof the constraints that a robust algorithmic framework should

be able to handle. Theseideasmay be combined to include for examplemultiple layers with blockages

and porosity. Also there are many other routing graph constructions of practical importance.

1.3 Con tributions

First we intro duce someof the known techniques in routing and present someof our algorithmic

enhancements. Someof the addressedtechniques include maze routing, bu�er insertion, 2-pin opti-

mization problemand timing-driv en variants of those. We show how these techniques can be coupled

together and usedas building blocks for tree-based optimization.

Then, we present universalencoding schemesfor interconnect synthesisand an optimization engine

basedon said schemes. We intend to use this general solver to addressthe fundamental problem of

bu�er tree synthesis in the presenceof a variety of real-world issues. Among the contributions is an

encoding of topological spacesbasedon a directed acyclic hyper-graph. This encoding (as well encoding

of the embedding space)is taken as input to a universal solver dubbed U-Tree. It is argued that such

a framework which separatessolution spacecoveragefrom core optimization is of signi�cant value to
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both researchers and practitioners in the �eld. It is shown that a number of well-known algorithms

can be described in this framework.

Having the universal solver in place, we give an overview of a bu�er tree synthesis packagewhich

pays particular attention to the following practical issues:routing and bu�er blockages,minimization

of interconnect and bu�er costs, congestion, exploitation of temporal locality among the sinks and

addressingsink polarit y requirements. Experimental results demonstrate the e�ectiv enessof the tool

in comparisonwith previously proposedtechniques.

Then a set of techniques for placement-coupled, timing-driv en logic replication is presented. Two

components are at the core of the approach. First is an algorithm for optimal timing-driv en fanin tree

embedding derived from the U-Tree framework. The algorithm is very general in that it can easily

incorporate complex objective functions (e.g., placement costs) and can perform embedding on any

graph-basedtarget. Secondwe intro duce the Replication Tree which allows us to induce large fanin

treesfrom a given circuit which can then be optimized by the embedder. We have built an optimization

engine around these two ideas and report promising results for the FPGA domain. Further, some

e�ects that emergefrom reconvergencesin netlist speci�cation are studied and a fanin tree embedding

algorithm that over-optimizes sub-critical paths is proposedto addressthese issues.



2. FANOUT TREE OPTIMIZA TION

The fanout tree optimization problem is described in this chapter. A description of the 2-pin path

problem (as a simplest caseof a tree) and a maze routing algorithm is presented. Although some

of the presented techniques are known and well established, they are included in the presentation

for purposesof completeness. These techniques constitute a necessarybackground material which

enablespresented contributions. Then a mazerouting algorithm is generalizedto timing-driv en maze

routing. Generalizations include delay optimization by bu�er insertion and concludewith cost aware

timing driven maze routing with bu�ering. A 2-pin path solution is further generalizedto �xed tree

optimization. Then follows a solution for tree optimization with \soft" edges(where branching points

are �xed, but paths betweenthem are not). Presented techniquesare then usedas building blocks for

a fanout tree embedding algorithm. An extension of a fanout tree embedding algorithm which does

not assumeexact location of the driver and thus can be usedto embed trees that connect, for example,

to a bus is discussed.

2.1 Optimizing Tw o Pin Path

Two pin path can be viewed as a special caseof a tree. Problem of two pin route embedding and

bu�ering is well known. Also, techniques for solving this problem are well known and established.

Sinceour tree optimization and synthesis algorithms heavily relies on somegeneralizationsof the two

pin cases,we present this problem and somestandard approachesfor completenesspurposes.First, we

present simple mazerouting algorithm. Then we present extensionsto mazerouting under additional

12
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optimization criteria, i.e. timing-driv en variants with consideration of solution cost and simultaneous

bu�er insertion.

2.1.1 Maze Routing (1D varian t)

Someof the earliest applications of mazerouting to designautomation area include works of Moore

(43) and Lee (33). In the maze routing problem, we are given a sourcepin, target pin and a routing

graph. Goal is to �nd shortest path from source pin to target pin while minimizing some function

of weights of traversed edgeson the path (usually we are minimizing sum of edgeweights). In the

literature, this is also known and the single source,single target shortest path problem.

We can formulate the single source,single target shortest path problem as follows: Given as input

a weighted graph, G = (V; E), and distinguished vertices s and t, �nd the shortest weighted path from

s to t in G.

Assuming general graph as routing target, this problem can be e�cien tly solved using Dijkstra's

shortest path algorithm (51). Sincewe are dealing with actual routes an assumption (and a constraint

on the routing graph construction) is that we do not have negative weight edges.

As an example, we can use maze routing algorithm to �nd a path between two pins of minimal

wire length. In this casewe can represent intermediate solution by its signature, which would represent

accumulated wire length (l). Wecall this variant of the algorithm 1-dimensional, sinceweareoptimizing

only oneparameter, which is wire length in this case.Also, solution signature has only oneparameter.

At this point we can intro duce the solution dominance property. We say that one solution dominates

the other if it is better according to optimization criteria.
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Subroutine: GenDijkstra( Queue;G)
Queue: Initial solutions; G: Target routing graph

d1 A  ;
d2 while Queue 6= ;
d3 v1  Top Queue
d4 if Solution (v1) is not dominated
d5 A(v1)  A(v1) [ Solution (v1)
d6 for each edge(v1; v2) adjacent to v1

d7 v2  Augmen t (v1; v2)
d8 Insert v2 in to Queue
d9 endfor
d10 endif
d11 endwhile
d12 return A

Figure 6. GeneralizedDijkstra's shortest path algorithm.

De�nition 2 A solution (l2) is dominated if it is inferior compared to some other already known

solution (l1). We write this (l1) � (l2).

In this example where we optimize wire length, we say that solution with larger wire length is

dominated my solution with smaller wire length at the samevertex in the routing graph.

In Figure 6 we present a slightly generalizedversion of Dijkstra's shortest path algorithm. The

inputs to the algorithm are initial solution (or solutions) already inserted into a priorit y queue and

a routing target graph. As long as we have solutions in the queue (ordered by smaller wire length

solution �rst) we extract the one from the top of the queue. If extracted solution is not dominated

we save it and expand solutions for all adjacent edgesand insert them into the queue. Algorithm

continues as long as we have candidate solutions in the queue. Dominance property will make sure

that algorithm terminates. Minor di�erence from the original Dijkstra's shortest path algorithm (51)

is in the way how we handle additional candidate solutions at the samevertex in the routing graph. In
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original Dijkstra's algorithm when additional candidate solution is inserted into queue,a decreasekey

operation is performed. Also if permanent solution already exists, new candidate will never be inserted

into the queuesinceit is clearly dominated. Theseassumptionsarecorrect for the \1-dimensional" case,

but we cannot make those assumptions in other, more complex variants. The algorithm in Figure 6

and the original Dijkstra's shortest path algorithm from (51) on the other hand behave identically in

1D casein respect to solutions they produce. Once the graph vertices are populated with solutions,

we perform simple backtracking in order to extract the actual route.

2.1.2 Timing Driv en Maze Routing (2D varian t)

The overall performanceof digital system is governed by the system clock period. Clock period is

determined by the longest delay of signal paths (i.e. interconnect and gate delay on those paths). In

recent designs,interconnect delay dominates gate delay. Thus, in contrast to mazerouting in Section

2.1.1whereany of the shortest wiring connectionswould su�ce, it becomesimportant to considerdelay

as well. Additionally , resourceusagealso becomesimportant, so one needsto considerboth delay and

cost of the path. This reasoning becomesmore clear in the scenario where multiple routing layers

are available with di�eren t electrical characteristics. Routing in di�eren t layers yields solutions with

di�eren t delays and di�eren t costs. One other common timing optimization is wire sizing (27). Wire

sizing information can be incorporated into routing graph (as we have seenin Figure 4). Sizing wires

can produce \faster" connectionsbut also it will increasesolution cost.

Given the above, it becomesclear that timing driven maze routing problem is multi dimensional,

i.e. we have to simultaneously optimize two orthogonal parameters: cost and delay. In the timing
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driven maze routing problem we are given a routing graph, sourceand destination. Goal is to �nd a

family of paths that trade o� cost and delay.

Before we continue, we have to describe wire delay model that is usedfor the purposeof algorithm

presentation.

2.1.2.1 Dela y Mo del

A good delay model should be fairly accurate but also easyto compute. Of course,depending on

the application, more complex delay models are neededif accuracy is paramount. On the other hand,

if runtime is limiting factor and accuracycan be sacri�ced, simpler modelsare preferred. Elmore delay

model (21) provides a good balancebetweenaccuracyand computational complexity. It is known that

Elmore delay model producesestimatesthat di�er from simulated delay. Main factors that contribute

to this error in delay estimation for RC trees are inabilit y to account for resistive shielding and signal

slew rate (22). The e�ect in practice is that delay to nearby sinks can be overestimated. This may

further lead to errors in determining sink criticalit y. On the other hand, it is argued in (8) that delays

estimated by Elmore model have high degreeof �delit y. Among di�eren t solutions, one chosen by

Elmore delay asoptimal is very close(if not the same)as the true optimal solution. Also, Elmore delay

is easy to compute and more importantly has the additiv e property (i.e. sum of estimated delays of

connectedwire segments is the sameas the estimated delay of the entire path), which is suitable for

recursive algorithmic decomposition.

Algorithms presented adopt the Elmore delay model. However, the framework is 
exible and enables

the use of di�eren t delay estimation techniques (for example include wire coupling or improved load

modeling (35)).
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Figure 7. Wire model: r is wire resistance,c is wire capacitance.

Given the wire segment of length l and width w, technology dependent parameters� and � we can

compute wire area capacitanceand wire resistanceas follows:

c = � l � w

r = � l � w:

Then, under Elmore delay model, we estimate the delay of wire segment (u; v) as:

duv = ruv (
cuv

2
+ C(v))

where r uv is the resistanceof the wire segment, cuv is the area capacitanceof the wire segment and

C(v) is total downstream capacitanceat node v. Wire model is illustrated in Figure 7.

2.1.2.2 Example

We can use a simple example of timing optimization by wire sizing under Elmore delay model to

show how we can trade-o� routing cost and delay. As a measureof routing cost we can usewire area,



18

TABLE I

TECHNOLOGY PARAMETERS FOR 0:18�M NODE

Unit Wire Resistance 0.076 
 =�m
Unit Wire Capacitance 0.118 f F=�m

Intrinsic Bu�er Delay 36.4 ps
Bu�er Input Capacitance 23.4 f F
Bu�er Output Resistance 180 


wire A

wire B

Figure 8. Example of timing optimization by wire sizing.

which is proportional to the area capacitancein this case. Technology parameters that we use in the

example represent 0.18 �m technology. They are obtained from (13) (also shown in Table I).

In Figure 8 we have two wiring connections,A and B . Assumethat wire length is 1cm and that

signal 
o ws from left to right. Wire A has uniform unit width. Wire B has double unit width for the

�rst quarter of its length, and for remaining three quarters it has unit width. Using Elmore model for

delay estimation, delay of wire A is 448.4ps,while delay of wire B is 343.3ps. As for the cost, faster

wiring solution occupies25% more area than the slower wire.
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2.1.2.3 Algorithmic Details

We can formulate the timing driven maze routing problem as follows. Given a routing graph

G = (V; E) with edgese 2 E labeled with capacitanceand resistance,sourcevertex s 2 V and target

vertex t 2 V , goal is to �nd a path from s to t such that estimated delay of the path under Elmore

delay model is minimized, while minimizing total wire capacitance.

From the formulation it is clear that in generalcaseit is not always possibleto haveonesolution that

has best delay and smallest total wire capacitance. Instead, algorithm producesa family of solutions

that trade-o� wire capacitanceand delay.

To solve this problem, we can adapt mazerouting algorithm from Section2.1.1. A partial solution's

signature in this caseis a pair (c;q), wherec represents downstreamcapacitanceand q represents current

signal required arrival time (or slack). Both parametersarenecessaryfor delay estimation under Elmore

delay model. Additionally , c can also serve as a cost parameter, sincewe are measuringcost in terms

of wire area in this case.

It turns out that we can modify generalizedversion of Dijkstra's shortest path algorithm from

Figure 6 to solve this problems. In line d7 we modify augmen t operation for Elmore delay model

accordingto formulas in Section2.1.2.1. In line d4 we have to modify solution dominancetest which is

slightly di�eren t for two parameter solution signature. The following is a solution dominancede�nition

from (27):

De�nition 3 A solution (c0; q0) is dominated if it is inferior compared to some other already known

solution (c;q). If (c < c0 and q � q0) or (c = c0 and q < q0) solution (c0; q0) is inferior. We write this
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(c;q) � (c0; q0). If c = c0 and q = q0 we can stil l disregard one of the solutions since they are equivalent

from the delay and cost point of view.

One other modi�cation to the algorithm from Figure 6 is that instead of a single permanent label

at each vertex in the routing graph, we now have a list of mutually non-dominated labels A(v). This

may suggestthat when we extract new solution from the queuewe may have to compareit against all

existing solutions in the solution list at particular vertex in the graph to determine if it is inferior. At

this point we can exploit the dominanceproperty to speedup the test. Sincewe have a total order on

non-dominated solutions (i.e. if a new solution has more load, it must be faster in order to be saved),

we can store permanent solutions in a sorted list. Each new solution will have better delay and higher

load than the previous one in the list. This clam is true due to monotonicity property. Whenever

we propagate solution along someedgewe both increasedelay and load. This meansthat for a new

solution it is su�cien t to compareit just with the tail of the list to seeif it is dominated.

Following other modi�cations of the original Dijkstra's shortest path algorithm in Section2.1.1,we

continue with solution expansionas long as we have candidate solutions in the queue. Once the queue

becomesempty we stop. At the sourcevertex we will have a family of non-dominated solutions. In

addition, we can augment �nal solution list by the additional delay induced by the driver (which in load

dependent). After choosing desiredsolution (usually the cheapest that is meeting timing constraints)

we backtrack through the data structure to extract the actual path.
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2.1.2.4 Complexit y Analysis

To derive the worst casecomputational complexity of the timing-driv en maze routing algorithm,

certain assumptionsare made, as in (27) and (9):

� All capacitive values are given as integers. Although this may sound like a serious limitation,

certain discretization is always possible.

� The node degreein the target routing graph G is bounded by a constant. In most VLSI applica-

tions this is the case,which yields to number of edgesproportional to number of vertices.

Theseassumptionsseemjusti�able from the practical point of view. The following analysis, includ-

ing lemmasand proofs, is also adopted from (27) and (9). Let us �rst analyze the sizeof the list with

permanent labels for particular vertex in the routing graph.

Lemma 4 In the worst case, size of the list of non-dominated solutions at vertex v in the routing

graph jP(v)j is limited by the number of possiblecapacitive valuesU. We can compute U as the sum

of capacitive labels for all edgesU =
P

e2 E ce.

Now we can bound the sizeof the priorit y queueQ.

Lemma 5 Since each vertex v in the routing graph G has constant number of outgoing edges, each

member of A(v) can intr oduce only a constant number of candidates into queueQ. Given this, we

can bound queuesize to jQj = O(U � jV j). Number of queueinsertions (and deletions) is then also

proportional to O(U � jV j) since all queuemembers are derived from permanent labels of someA(v).

From theseobservations we can compute to worst casebound on the runtime.
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Theorem 6 The run time bound on described timing driven mazerouting algorithm is O(U � jV jlog(U �

jV j)) .

Pro of Runtime is dominated by number of enqueuesand number of dequeuesand dominance tests

for each dequeuedcandidate. Number of queueoperations is bounded by O(U � jV j). Time to perform

queueoperation is O(log(U�jV j)). Dominancetest is a constant time operation. This givesa complexity

bound of O(U � jV j(log(U � jV j) + 1)) = O(U � jV jlog(U � jV j)).

This gives a pseudo-polynomial bound on the run time complexity (i.e. run time is not only a

function of the sizeof the routing graph, but also of the capacitive values that we usedto label edges

in the graph). In practice, the running time is in most casesmuch smaller than this bound, sincesizes

of permanent label lists A(v) tend to be small.

2.1.3 Timing Driv en Maze Routing with Bu�er Insertion

Optimization commonly usedto improve interconnect performanceis bu�er insertion. Someof the

early works in bu�er insertion include works of Berman et. al. (7) and Touati (50), wherebu�ering was

viewed as an optimization step in logic synthesis. In these approaches, bu�ering occurred before the

physical layout was known. The other approach includes early works of Dhar (14) and van Ginneken

(17), where bu�ers were inserted to optimize post placement paths.

It hasbeenshown that the overall improvements in solution quality can be achieved by not viewing

the interconnect synthesis as a two phaseprocess(routing construction followed by bu�er insertion)

but as a simultaneous approach. Someof the works that emphasizesimultaneous approach are (27)

and (30). Major part of this subsectionis basedon the works mentioned above.
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ci co

ro

Figure 9. Bu�er model: ci is input capacitance,r o is output resistance,co is output capacitance.

2.1.3.1 Dela y Mo del for Bu�ers

In a fashion similar to delay estimation in Section 2.1.2.1,we assumea bu�er delay model which is

easy to compute and is reasonablyaccurate. In practice, bu�ers in cell libraries are usually speci�ed

by three parameters: input capacitanceci , intrinsic bu�er delay db and output resistancer o. Then we

can estimate bu�er delay as

d = db + ro � cL

wherecL is capacitive load that bu�er drives. Bu�er delay model is illustrated in Figure 9. Again, more

generalmodels can be easily incorporated into the algorithmic 
o w, but we use this one for purposes

of algorithmic description.

2.1.3.2 Example

Using the sametechnology parametersfrom Table I we give an exampleof timing optimization by

bu�er insertion. In Figure 10 we have two wiring connections, A and B . Assume that wire length

is 1cm and that signal 
o ws from left to right. Both wires have uniform unit width. In addition we
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wire B

wire A

Figure 10. Example of timing optimization by bu�er insertion.

have inserted a bu�er at the middle of wire B . Using delay estimation from above, delay of wire A is

448.4ps,while delay of wire B is 375.7ps.

2.1.3.3 Algorithmic Details

To incorporate bu�er insertion into the existing algorithm 
o w we can extend the routing graph

with bu�ering information. For each bu�er in the bu�er library we can insert a self loop edgeon each

vertex in the routing graph for which inserting that particular bu�er is a feasibleoption. This approach

waspresented in (30) and can include more complexrelations betweenbu�ers, such asbu�er cascading.

Then we can proceedwith the algorithm similar to (27) and to one presented in Section 2.1.2.

Another approach would be to label each vertex in the graph with bu�er insertion feasibility and

then isolate the generation of bu�ered candidates in the algorithm itself. This approach is shown in

Figure 11, which also allows implicit bu�er cascading.

Under Elmore delay model it is still su�cien t to have only c (downstream load) and q (required

arrival time) in a solution signature. Final solutions will have optimal slack, however, total cost

information will be lost. When a bu�er is inserted, downstream load c of that particular solution

becomesequal to the input capacitanceof the inserted bu�er. From the driver point of view, it sees
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Subroutine: GenDijkstra( Queue;G)
Queue: Initial solutions; G: Target routing graph; B: Bu�er library

d1 A  ;
d2 while Queue 6= ;
d3 v1  Top Queue
d4 if Solution (v1) is not dominated
d5 A(v1)  A(v1) [ Solution (v1)
d6 for each edge(v1; v2) adjacent to v1

d7 v2  Augmen t (v1; v2)
d8 Insert v2 in to Queue
d9 endfor
d10 for each feasibleBu�er b in library B
d11 v  Augmen t (v1; b)
d12 Insert v in to Queue
d13 endfor
d14 endif
d15 endwhile
d16 return A

Figure 11. GeneralizedDijkstra's shortest path algorithm with bu�er insertion.

only that bu�er input capacitanceand the downstreampath is decoupled.Due to this non-monotonicity

in the behavior of downstream load, we needto reorder (c;q) pair as (q; c). To maintain constant time

complexity for verifying solution dominancewe have to reorder priorit y queueso that it is ordered by

q �rst and then by c. Monotonicit y for q is still satis�ed sinceno matter what we do, insert bu�er or

traversean edge,we will always intro duce somedelay. As opposedto that, downstream load c gets

resetedwhenever we insert a bu�er.

For speeduppurposeswe can have an additional test for solution dominancejust beforewe insert a

candidate solution into priorit y queue. If it is determined that solution is suboptimal at that stage, it

will also be suboptimal after it is taken out of the queue,so we can save one queueinsertion and also

keepthe queuesmaller. Sincedominancetest in constant time operation and queueinsertion/deletion is
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O(logjSj) where jSj is sizeof the queue,it getsabsorbed in overall complexity analysis. From practical

experience,we have observed that this speeduptechnique doeshelp to reducerun-time.

2.1.3.4 Handling Bu�ers and In verters

In (39), Lillis et al. extended the original bu�er insertion method by using a bu�er library which

includes inverting and non-inverting bu�ers. The main idea is to keeptwo separatedata structures for

�nal solutions, whereonecontains candidateswith positive signal polarit y and the other with inverted

signal polarit y. It is still su�cien t to have only one priorit y queue, however, solution candidates

in the queue need additional signal polarit y information. This polarit y information is required only

while solutions reside in the queue. Once solutions are extracted and if accepted, they are stored in

appropriate data structure for solutions with the samepolarit y requirements. Pseudo-code is shown in

Figure 12.

2.1.4 Cost Aw are Timing Driv en Maze Routing with Bu�ering (3D varian t)

While algorithms presented in previous sectionsfocuson the one-netproblem, a real CAD system's

objective is to drive an entire design to timing closure. Thus, multiple nets must compete for wiring

and bu�ering resourcesand it is clearly not su�cien t to, for example, maximize the performanceof a

particular net without paying attention to somemeasureof cost incurred. Further, when oneconsiders

that recent estimatesindicate that, in the near future, perhapsmore than 700K bu�ers will be required

simply to bu�er global or near-global interconnects(10), it becomesclear that the over-useof bu�ering

(and routing) resourceswill have dramatic consequences.
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Subroutine: GenDijkstra( Queue;G)
Queue: Initial solutions; G: Target routing graph; B: Bu�er library

d1 A  ;
d2 while Queue 6= ;
d3 v1  Top Queue
d4 s  Polarit y(v1)
d5 if Solution (v1; s) is not dominated
d6 A(v1; s)  A(v1; s) [ Solution (v1; s)
d7 for each edge(v1; v2) adjacent to v1

d8 v2  Augmen t (v1; v2)
d9 Insert (v2; s) in to Queue
d10 endfor
d11 for each feasibleBu�er b in library B
d12 v  Augmen t (v1; b)
d13 if In verter (b)
d14 Insert (v; s) in to Queue
d15 else
d16 Insert (v; s) in to Queue
d17 endif
d18 endfor
d19 endif
d20 endwhile
d21 return A

Figure 12. GeneralizedDijkstra's shortest path algorithm with bu�ers and inverters.
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Depending on the application and optimization needs,there are many choicesfor cost functions.

For example,cost may be usedto minimize power as in (39). Sometimescost may be usedto minimize

number of bu�ers inserted, or becomea composite cost of wire and bu�er usageas in (25). In some

casesit is required to managedesigndensity (2) and cost is usedto bias the algorithm to utilize bu�er

candidate locations in low density areas.

2.1.4.1 Algorithmic Details

A candidate solution for a (bu�ered) sub-path rooted at somevertex in the target routing graph

is represented by its signature (p;q; c) indicating that this candidate sub-solution incurs cost p (e.g.,

sub-solution's composite wire and bu�er cost), has upward capacitancec and has required arrival time

q at its root. Given this notion of a signature, a sub-solution is non-dominated if no other solution

is superior in all three dimensions. Any dominated solution may be discarded. Note that while, as

many papers have noticed (e.g., (13)), only c and q are necessaryto assurea maximum q solution,

all three parametersappear necessaryif we want to avoid excessive cost overhead. Sincec represents

the load of a solution, oncewe insert a bu�er, c becomesequal to the input capacitanceof that bu�er

loosing any downstream information. In the casewithout bu�er insertion, cost of a wire segment is

not necessarilyproportional to the capacitance of that segment due to di�eren t routing congestion

induced costs. To capture cost of a solution we needa separateparameter p. Also, we needto keepthe

actual downstream load c for delay computation purposes(under Elmore delay model). This increases

run-time complexity, but we believe it is truly necessaryfor practical solutions.

The algorithmic framework from Figure 11 can still be usedto solve this problem. However, some

modi�cations are necessary. Thosemodi�cations include ordering of candidate solutions in the priorit y
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queue,and dominanceproperty test (and solution pruning basedon that test) in line d4 of the pseudo-

code in Figure 11.

Solution candidates in the queue (which is implemented as a binary heap) are ordered by best

cost �rst, secondarily by slack and thirdly by downstream load. Main reasonfor this ordering is that

pruning of sub-optimal solutions can be donemore e�cien tly . If we know that next expandedcandidate

solution has higher cost than the previous one we can exploit this property and designour dominance

query as 2D using only (c;q). Further, for expandedcandidate solutions to be monotone, we have to

order them secondarilyby required arrival time becausedownstream load value is not monotone (high

load of some candidate solution is reduced to a bu�er input capacitance after a bu�er is inserted).

Another reasonfor this ordering is that it allows an e�cien t insertion of acceptedsolutions into our

data structure, which is done in constant time (insert always at the tail of the list).

2.1.4.2 Dominance Prop ert y and Pruning

An important concept is a notion of non-dominated solution. Sincea singlesolution is characterized

by a triplet (p;c;q) (cost, capacitanceand required arrival time), there is no total order on solutions

in one particular sub-solution set.

Considertwo solutions (p;c;q) and (p;c0; q0) that have the samecost. We say that (p;c;q) dominates

(p;c0; q0) if (c < c0 and q � q0) or (c = c0 and q > q0). If the �rst solution has smaller load and equal or

better slack (or equal load and better slack) then we do not want to keepthe other solution.

To determine dominance in general case,a solution (p;c;q) is non-dominated if no other solution

is better in all three dimensions. Given a non-dominated set of solutions A and a candidate solution

(p;c;q) we can say that
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case condition action
(1) c < t:c and q � t:ql max t  t:l ef t
(2) c � t:c and q > t:ql max return \non-dominated"
(3) c � t:c and q � t:ql max return \dominated"
(4) c > t:c and q > t:ql max t  t:r ight

Figure 13. Recursive rules for dominancetesting.

(p;c;q) is dominated by A , 9(p0; c0; q0) 2 A; p � p0 and c � c0 and q � q0.

Sincesolutions are expandedfrom the queuein non-decreasingorder of cost p, we observe that the

�rst inequality (p � p0) holds for every member of A. Thus the problem reducesto determine if some

member of A is at least as good as (p;c;q) in the c and q dimension. The existenceof such a member

of A can of coursebe determined through a linear scan of A. However, with use of appropriate data

structure the problem can be solved in O(log(jAj)) time.

Such a data structure is given in (39) (for the optimization of static routing topologies), and is

adopted here with somemodi�cations. We store the members of A in a binary search tree ordered by

c (p is ignored due to the reasoningabove). At each node we store t:c (the associated c value) and

t:ql max (the largest q value in the left subtree, including the current value of q). The recursive rules

for traversing the tree are shown in Figure 13 (in the basecasewhere the tree is empty, the solution is

clearly non-dominated).

An exampleof this data structure appearsin Figure 14. Keep in mind that underlying shown values

in the tree are p values,so valuesin the tree are not in generalnon-dominated among themselves,but

the corresponding (p;c;q) triples are. Consider a query in which we want to determine if (29,7) is
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dominated. We apply case3 at the root sincesomesolution in the left subtree dominates (has smaller

cost and load and better slack). Supposeinstead the query is (10,7); in this casewe traversethe tree

all the way to the vertex (12,8) and �nally a NULL subtree to conclude that it is non-dominated. If

the query is (10,15), we apply case2 at the root and declare it non-dominated.

The idea is that instead of using a linked list to store valuesof A we usethe augmented binary tree.

The strategy is implemented such that queriesand insertions are always logarithmic in the sizeof the

tree by applying a balancedschemesuch as Red-Black trees (51). Our observation is that updating of

the augmenting values during the rotation operations in not necessary. In fact ql max value does not

have to be strict in the sensethat as long as ql max at somenode is not smaller then the max q from

the left subtree (including the current node) and not greater then the max q of all elements in the tree

that have smaller c, the dominancerules will hold. Sincerotation operations for balancing Red-Black

trees do not violate theseconstraints if the elements are inserted in non-dominated order (which is our

case),we do not needto perform updates.

In addition, in balanced binary tree data structure for e�cien t determination of the dominance

property we do not need to keepelements with identical c values. When new element is inserted and

its c value is already in the tree, that meansthat the element is non-dominated and it must have its q

value larger than the existing value. So we only needto update t:ql max to M AX (q; t:ql max ).

2.2 Tree Optimization

In Section 2.1 we have presented a very 
exible and robust set of tools for optimization of 2-pin

paths. Although many nets that we encounter during physical synthesis are 2-pin nets, there is also a

signi�cant number of multi-pin nets and constraining optimization to 2-pin path algorithms produces
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Figure 14. Augmented binary search tree for detecting dominanceproperty. Vertex labels are c
(capacitance) and ql max (maximum slack in the left subtree).

fairly suboptimal solutions. In general, multi-pin nets can be represented by tree structures, which

turned out not so hard to optimize. The basic algorithmic tool that is usedis Dynamic Programming,

which has proved to have a very robust framework, but also a lot of 
exibilit y to support various

objective functions. The useof Dynamic Programming in interconnect optimization and synthesis was

intro ducedindependently by van Ginneken (17) and Dhar (14), and later re�ned by Lillis et al. in (39).

Techniques presented here can be viewed as re�nements and generalizationsof those seminal works.

We utilize the 2-pin algorithms as a core and build a Dynamic Programming framework on top of

it. First, we examinethe optimization of �xed and routed tree. Then we relax the problem constraints

and allow re-routing between �xed points in the tree (source, sinks, branching points). Finally, we
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Figure 15. Optimizations on �xed and embeddedtree can include bu�er insertion and wire sizing.

present a novel tree embedding algorithm which relaxes constraints further and allows relocation of

branching points with re-routing while maintaining only the abstract topology of the tree.

2.2.1 Fixed Tree

Given the �xed tree structure, with already routed paths, optimizations that wecanperform include

wire sizing and bu�er insertion. Example is given in Figure 15, where �xed and routed tree is given on

the left. Net has three sinks, A, B and C, and marked source. On the right of the Figure 15 we have

an optimized tree wherebu�ers are inserted and somewires resized. Bu�er candidate locations as well

as wire segments that are allowed to be resizedare determined by routing graph that consistsof the

tree itself and additional vertices that segment tree edges.

We can formulate the basic �xed tree optimization problem in the following way. Given a binary

routed and embeddedtree T (with additional bu�er insertion candidate locations and wire segmenta-

tion), technology parameters, bu�er library B , candidate wire widths w1; :::; wk , and required signal

arrival times qu for each sink u, �nd an assignment of bu�ers from B and widths of wire segments in
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the tree such that resulting arrival time at the driver is maximized while signal polarit y constraint is

satis�ed at each sink.

The most famous bu�er insertion algorithm is van Ginneken's O(n2) dynamic programming algo-

rithm (17), which �nds the optimal delay solution for a given �xed and embeddedtree. Recently , Shi

and Li (48) showed that one can obtain the sameresult in O(N logN ) time complexity. However, both

algorithms are assuming2-dimensionalsolution signature, i.e. (c;q) pair, which meansthat both opti-

mize for best slack solution disregardingcost issues.In 3D case,wherewe add solution cost, algorithm

complexity of both approachescannot be claimed to be polynomial any longer.

There are other optimization objectivesof practical importance for this framework. Someof them

could be found in (9). For example,minimizing solution cost subject to timing constraints, or maximize

timing subject to power requirements, or minimize placement congestionsubject to timing constraints.

All these variants can be solved with the same dynamic programming framework while making ap-

propriate modi�cations to functions that measuresolution quality. Sincewe are assumingthe general

graph model, as we noted earlier, we can view this �xed tree caseas a special caseof the problem with

\soft" edges,wherebranching points remain �xed, but we are allowed to re-route paths betweenthem.

Therefore, we will present solution to this casein Section 2.2.2.

2.2.2 Tree with \Soft" Edges

Problem formulation of tree optimization with \soft" edgescamefrom a practical scenario. When

attempting to insert bu�ers into hierarchical design, bu�ers cannot be placed on top of preexisting

macro or IP objects. Theseregionsare also referred to as blockages. If the existing tree is routed over

those blockages(as shown on the left of Figure 16) then any bu�er insertion algorithm that is using
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Figure 16. Optimizations on �xed tree with 'soft edgesinclude bu�er insertion and wire sizing with
simultaneous rerouting of 2-pin paths. Colored rectanglesrepresent blockages.

such topology will either fail to �nd a feasiblesolution or possibly �nd solutions that is considerably

suboptimal. If one is allowed to re-route paths betweensinks, sourceand branching points, �nding a

feasiblesolution could be possibleat additional wire or bu�ering cost. One such solutions is shown on

the right of Figure 16.

Someof the works that addressthis particular problem include (5). Authors decomposetree into

2-pin paths and optimize each of them separately. Although this approach may �nd feasiblesolution

where non existed before it may produce solutions that overuseresources.

Let us �rst give the problem formulation. Given a binary routed and embedded tree T (with

additional bu�er insertion candidate locations and wire segmentation), technology parameters, bu�er

library B , candidate wire widths w1; :::; wk , and required signal arrival times qu for each sink u, re-route

paths between �xed nodes and �nd an assignment of bu�ers from B and widths of wire segments on
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those paths such that resulting arrival time at the driver is maximized while signal polarit y constraint

is satis�ed at each sink.

We propose to solve this problem by decomposing tree edgesinto 2-pin paths, but instead of

optimizing them separately, we usedynamic programming bottom-up approach similar to (17). First,

the target routing graph is constructed by any meanspresented in Section 1.2 or simply supplied as

input. Then we start from the sinks and run mazerouting algorithm presented in Section 2.1 (in any

of the variants, 1D, 2D or 3D, depending on the optimization objective). The source for the maze

route would be the sink itself, and target is the �rst immediate branching point when we move up the

tree. Once we have solutions populated in the solution structure, we do not backtrack to determine

the actual route, but move on up the tree. At branching point we have to join subtree solutions. In

other words, we have to combine subtreesolutions and pretend that they represent somevirtual sink as

seenfrom the immediate upper level in the tree structure. Details of the Join operation are explained

in the Section 2.2.3. We then run maze routing again starting from the current branching point and

ending at the next immediate ancestor in the tree. We continue in this fashion until we reach the root

of the tree. Once we pick a solution at the top level, then we backtrack through saved data structures

and extract actual routes that contributed to the top level solution. Pseudo-code of this approach is

shown in Figure 17.

2.2.3 Join Op eration

Depending on the variant of the mazerouting algorithm used,i.e. the sizeof the solution signature,

we have di�eren t implementations for the Join operation.
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Subroutine: ComputeSubTree(T,G)
T: Topology subtree; G: Target routing graph

b1 if (leaf (T))
b2 A(T)  ComputeInitial (G; T)
b3 else
b4 A(T:lef t)  ComputeSubT ree(T:lef t; G)
b5 A(T:r ight)  ComputeSubT ree(T:r ight; G)
b6 Ab  Join (A(T:lef t); A(T:r ight))
b7 A(T)  GenDijkstra (Ab; G)
b8 endif
b9 return A(T)
Algorithm: SoftTreeEmbedding(T; G; s)

T: Topology; G: Target routing graph
s: source node

a1 A(T)  ComputeSubT ree(T; G)
a2 F inal  Augmen tRo ot (A(T); s)
a3 return F inal

Figure 17. Pseudo-code for the algorithm that optimizes tree with \soft" edges.

Simplest caseis when solution signature contains only one parameter. Going back to the example

from the Section 2.1.1 where solution signature was represented by wire length only (wl) we can write

the Join operation as:

wl = wl l + wl r .

This meansthat we simply have to add wire length of a solution for the left and the right subtree to

obtain cumulativ e wire length of joined solution.

In 2-dimensional case,solution signature is represented by a (c;q) pair, as in Section 2.1.2 where

c represents downstream load, and q represents required signal arrival time. In addition, one solution
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Subroutine: join list( L 1,L 2)
L 1,L 2: Lists to join

h1 L  ;
h2 i  j  0
h3 while (i < jL 1j and j < jL 2j)
h4 (c1; q1)  L 1[i ]
h5 (c2; q2)  L 2[j ]
h6 L [i + j ]  (c1 + c2; min (q1; q2))
h7 if (q1 < q2)
h8 i  i + 1
h9 else
h10 j  j + 1
h11 endif
h12 endwhile
h13 return L

Figure 18. Pseudo-code for the join list operation.

set A(�) may contain more than onesolution, however, all thosesolutions are mutually non-dominated.

We can join two solutions from subtree sets in the following way:

c = cl i + cr j

q = M I N (ql i ; qr j ):

Basically, we add up load and take the worst slack. Sincesolutions within the list are mutually non-

dominated and sorted, obtaining a set of joined solutions is similar to merging two sorted lists. This

operation has linear time complexity and the size of resulting list is also linear, as observed by van

Ginneken in (17). Pseudo-code for join list operation is shown in Figure 18.

Unfortunately, 3-dimensionalcaseis slightly more complicated. Sinceour A(�) setscontain (p;c;q)

triples, as in Section 2.1.4, when we join two sets, A l (�) with A r (�), we have to join every triple from
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one set with every triple from the other. We then prune suboptimal solutions. Joining two triples

(pl i ; cl i ; ql i ) and (pr j ; cr j ; qr j ) into (p;c;q) is done by adding up costs and loads and taking the worst

slack:

p = pl i + pr j

c = cl i + cr j

q = M I N (ql i ; qr j ):

To e�cien tly join two sets we use methods from (38). In each set A(�) we can store (p;c;q) triples

distributed into linked lists basedon cost p, i.e., all triples of the samecost are in the samelist. Then

we use\ join list" primitiv e to join theselists. We repeat this for every possiblepair of costsp (basically

a crossproduct).

2.2.4 Tree Em bedding

Problem formulation from Section 2.2.2 provides more 
exibilit y over van Ginneken style (17)

approach to tree optimization. Yet, limitations are clear. Re-routing 2-pin paths around blockages

may yield suboptimal and high cost solutions. It is alsopossiblethat branching point in the input tree

is blocked itself. Re-routing 2-pin paths will not help to move branching point out of the blockage.

Although somelocal optimizations are possible for this scenario,a more robust approach is desired.

It turns out that such an approach is possiblewith modi�cations of the existing optimization 
o w. In

a tree embedding problem, we are given a tree topology, which is not embedded(i.e., not routed). It

only represents signal connectivity information betweendriver, sinks and branching points. Location of
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Figure 19. A topology for a 3-sink net and two physical embeddingsof that topology. Pin s is the
driver.

driver and sinks is known, but locations of branching points are yet to be determined by the algorithm

as well as the routes (and bu�er placements) connecting them.

We begin with the problem of mapping the branching nodesof a given topology to the vertices of

a target graph (this topology can be generatedby any means). Figure 19 illustrates the embedding

spacefor a given topology wherewe show two possibleembeddings. Even though the topology is �xed,

there is clearly some 
exibilit y in the embedding which may be useful particularly in timing driven

applications.

Given this notion of the tree topology, the tree embedding algorithm optimally solvesthe following

problem: Given technology parameters, timing requirements, a bu�er library , a target routing graph,

and a tree topology, �nd topology embedding and bu�er assignments which minimizes cost (e.g., some

function of bu�ers, area, wire length) subject to timing constraints.
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Figure 20. Illustration of abstract topology and target routing graph.

For the solution signature we can assumeany of the variants presented so far. Let u be a vertex

in the given topology T and v be a vertex in the target routing graph G (Figure 20). We de�ne

A(u; v) to be the set of non-dominated solutions for subtree rooted at u in given topology T, with root

placed at v in G, connecting all sinks in that subtree. We apply dynamic programming techniques to

compute thesesetsin bottom-up fashion (an overview of the basic Tree Embedding algorithm appears

in Figure 21).

When all sets are established, the candidate solutions in A(us; vs) (where us is the root of the

topology and vs is the location of the driver in the target graph) are augmented to consider the e�ect

of the driver (additional load-dependent delay) which then results in the overall set of non-dominated

solutions with respect to cost p and required-time (slack) q. These form a trade-o� curve from which

a solution can be selected.

In order to compute these sets it is useful to de�ne a related group of intermediate sets in which

the vertex v in the target graph is constrained to be a branching point (basically, a Steiner). Let these
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Subroutine: JoinTree(T; G)
T: Topology subtree; G: Target routing graph

c1 for each vertex v 2 G
c2 Ab[v]  Join (A:l ef t[v]; A:r ight [v])
c3 endfor
c4 A  GenDijkstra (Ab; G)
c5 return A
Subroutine: ComputeSubTree(T,G)

T: Topology subtree; G: Target routing graph
b1 if (leaf (T))
b2 A(T)  ComputeInitial (G; T)
b3 else
b4 A(T:lef t)  ComputeSubT ree(T:lef t; G)
b5 A(T:r ight)  ComputeSubT ree(T:r ight; G)
b6 A(T)  JoinT ree(T; G)
b7 endif
b8 return A(T)
Algorithm: TreeEmbedding(T; G; s)

T: Topology; G: Target routing graph
s: source node

a1 A(T)  ComputeSubT ree(T; G)
a2 F inal  Augmen tRo ot (A(T); s)
a3 return F inal

Figure 21. General Tree Embedding Algorithm.
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sets be Ab(u; v). Subsequently we will refer to these sets simply as A(�) and Ab(�). These branching

solutions Ab(�) are computed from the appropriate previously computed single-stemsolutions (A(�))

via a Join operation (as illustrated in the Figure 21).

Sincewe do not know exact locations of sourceand target for the mazerouting algorithm we have

to make a minor modi�cation to the algorithms presented in Section 2.1. We start by initializing the

priorit y queue with Ab(�) solutions. These solutions represent the non-dominated solutions that are

constrained to be a branching solution at particular vertex v in G. Thesesolutions are candidatesfor

the A(�) solutions and not all of them will be chosenat the end.

For speedup purposeswe can impose some local restrictions on the embedding graph. Those

restrictions include selecting vertices that will be traversedduring particular maze routing phase,as

well as vertices that will be included in join operation. One additional requirement is that branching

point candidatesmust be contained in the intersection of routing candidate verticesof child nodesthat

are usedin that particular join operation. In other words, branching candidatesat the parent must be

contained in the intersection of routing candidatesof its two destination nodes. An exampleis given in

Figure 22. Note that if we restrict branching points to somepre�xed locations we can obtain a special

casethat we had in Section2.2.2with \soft" edges.Also if we restrict routing verticesto predetermined

path we obtain formulation for the �xed tree and van Ginneken's bu�er insertion algorithm from (17).

2.2.5 Floating Driv er Form ulation (Connecting Tree Ro ot to a Bus)

One interesting problem formulation that emergedfrom practical applications is that in somecases

exact driver location is not speci�ed. Instead of a driver, root of a tree is to be connectedto a bus.

Simplesolution for this problem would beto identify somepreferredlocationson the bus that could pose



44

Routing candidates
of the "left" child

Branching
candidates

Routing candidates
of the "right" child

Figure 22. Example of embedding spaceconstraints.

as virtual drivers and then invoke the tree embedding algorithm multiple times (once for each driver

candidate). This approach may be time consumingand it turns out completely unnecessary. With the

tree embedding algorithm from Section2.2.4this capability comesfor free. Generalizedversionof maze

routing algorithm already populates all vertices in the routing graph with sub-solutionsassumingthat

the tree would be driven from that point. In this way we are able to determine placements of internal

tree nodes, i.e. branching points. There is nothing to prevent as from exploiting existing data at the

root of the tree. Instead of choosing �nal solution from a set of non-dominated solutions at vertex that

corresponds to driver location, we may choosesolutions from sets that correspond to all vertices that

can be associated with the bus. Once we pick the �nal solution, we may start backtracking from that

location and extract routes, and bu�er placements that are optimal for that particular location of the

root (or driver).



3. FANOUT TREE SYNTHESIS

This chapter presents tree synthesis techniques. Description begins with the tree topology space

and the paradigm of optimally solving the constrained variant of the problem. Then a universal tree

synthesis algorithm (U-Tree) is presented and it is shown how it can be utilized in timing-driv en and

cost aware timing-driv en mode. Implementation of the P-Tree algorithm using this 
o w is presented

and new tree synthesis algorithms (S-Tree and SP-Tree) are intro duced. They are basedon a number

of criteria and objectives in mind which are believed to be of practical importance: simultaneous

bu�er insertion and tree construction, handling routing and bu�er blockages, temporal locality and

sink polarit y requirements, abilit y to handle relatively high fanout nets, cost/p erformance trade-o�s

(area, power and congestion). An experimental evaluation of those algorithms is presented.

3.1 Ov erview and Background

In the deepsubmicronerae�ectiv eperformancedriven interconnectsynthesishasbecomecrucial for

achieving chip-level timing closure. When synthesizing an interconnect structure for a timing critical

net, there are a number of degreesof freedom which may be exploited including bu�er insertion, wire

tapering, topology and topology embedding. Optimization techniques presented in Chapter 2 assumed

that tree topology was given. In practice, that topology has to be generatedin someway. Here we are

presenting techniques that are simultaneously exploring topology and embedding spaces.

The past ten years has seenthe growth of a substantial body of work in the area. Many of the

practical bu�er insertion techniquesin usetoday canbe traced to the seminalwork of van Ginneken(17)

which proposeda dynamic programming algorithm for inserting bu�ers into a given rooted topology.

45
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In addition, bu�er insertion techniques for two-pin nets have received some attention ((52), (30)).

In the area of routing topology construction, there are several works of particular relevance to this

chapter. These include the P-Tree based methods (37), methods for timing driven routing of two-

pin nets (including blockages) (27), (52) and methods which combine bu�er insertion and topology

construction ((38), (44), (45), (13)).

In this work we addressthe interconnect synthesis problem and intro duce the U-Tree engine and

S-Tree and SP-Tree algorithms with a number of criteria and objectives in mind which we believe to

be of practical importance. An overview of the issuesemphasizedis as follows.

� Sim ultaneous Bu�er Insertion and Tree Construction: We believe that overall improve-

ments in solution quality can be achieved by not viewing the interconnect synthesis as a two

phaseprocess(routing construction followed by bu�er insertion) but asa simultaneousapproach.

While some past works have attempted such a uni�cation ((38), (13)), those methods do not

meet someof our other objectives(e.g., scalability and critical sink isolation).

� Handling Routing and Bu�er Blo ckages: In real designsthere areoften limitations on where

wires can be routed and where bu�ers can be inserted. We addressthese issuesexplicitly in the

proposedalgorithms by adopting a generalgraph model as our routing target.

� Temp oral Lo calit y and Sink Polarit y Requiremen ts: A potential weaknessof sometopol-

ogy constructions is that they are oblivious to sink criticalit y. For examplein the P-Treemethod

(37), a sink permutation is formed where consecutive subsequencesof sinks are candidates for

subtrees. Since the sink permutation is determined by the relative physical locality of the sinks
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and is oblivious of sink criticalit y (temporal locality ), somevery high performance and/or cost

e�ectiv e solutions may fall outside the solution space. It is instructiv e to consider the casein

which bu�ers are used to decouple a non-critical group of sinks. In such a case(in order to

conserve scarcebu�ering resources)it may be preferable to allow someadditional wire-length so

that they may be \tapp ed-o� " with a single bu�er. A similar phenomenonoccurs when sinks

have speci�ed signal polarit y requirements (some sinks expecting an inverted signal). In (1),

notions of temporal locality and polarit y requirements were incorporated into a sink clustering

algorithm (using a heuristic \similarit y metric") as part of a topology construction procedure;

the resulting topology was handed to a �xed-top ology bu�er insertion tool. We argue that no-

tions of temporal and physical locality should be separated if robust and predictable behavior

is to be expected. The algorithms presented herein capture physical locality through a topology

constraints and temporal locality through a sink partitioning. Together thesetwo items create a

generalizedtopology spacecapturing both requirements. Additionally simultaneous exploration

of embedding and bu�ering was performed.

� Abilit y to Handle Relativ ely High Fanout Nets: It is often the casethat in a typical

modern design 
o w we seesomesignal nets with relatively high fanout (e.g., 15 pins or more).

Such nets may result from the removal of bu�ers intro ducedby logic synthesisproducing nets that

will be re-bu�ered with more physical information. Such nets are often crucial to overall system

performance. Prior methods which exhibited signi�cant robustnessand generality of problem

formulation tended to not scalewell to such size of nets (e.g., (38), (13) which are high-degree

polynomial and exponential respectively). In our approach we use a set of tools to addressthis
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problem. The SP-Tree algorithm is able to generatehigh quality solutions for small and medium

sizenets. The S-Tree algorithm is able to e�cien tly solve high fanout nets.

� Cost/P erformance Tradeo�s and Congestion: Werecognizethat while our algorithms focus

on the one-net problem, a real CAD system's objective is to drive an entire design to timing

closure. Thus, multiple nets must compete for wiring and bu�ering resourcesand it is clearly not

su�cien t to, for example,maximize the performanceof a particular net without paying attention

to some measureof cost incurred. Further, when one considersthat recent estimates indicate

that, in the near future, perhapsmore than 700K bu�ers will be required simply to bu�er global

or near-global interconnects (10), it becomesclear that the over-useof bu�ering resourceswill

have dramatic consequences.

With these issuesin mind we have developed the U-Tree optimization engine and a package that

includesS-Tree and SP-Tree algorithms. S-Treeexploits three degreesof freedom: Topology, Embedding

(placement of Steiner nodesin a target graph) and Bu�er selection and placement. In the SP-Tree we

adopt the P-Treeidea of using a sink permutation to capture physical locality and the sink partitioning

idea (or stitching) of the S-Tree. This yields a much more expansive solution spacethan S-Tree and is

targeted to small to medium sizednets. An overview of how thesedegreesof freedom are exploited is

given in the following sections.

3.2 Tree Topology Space and The P-T ree Algorithm

In Section2.2.4we have presented a robust approach to optimize given tree topology. The problem

that arisesin practical applications is that tree topology hasto begeneratedsomehow and then supplied



49

to the algorithm for further optimization. Choicesmadein initial topology construction havesigni�cant

impact on �nal solution quality. The technique that is capable of �nding the routing topology itself

while simultaneously optimizing it (using bu�er insertion or wire sizing) was presented in (34) and is

known as the P-Tree algorithm. Goal of the algorithm is to construct rectilinear Steiner trees. Since

the simplest variant of the problem (wire length minimization only) is known to be NP-complete (16),

the P-Tree algorithm is a heuristic. The di�erence is that the heuristic approach is structured to �nd

the optimal solution in constrained spacein polynomial time. Thus, it is very systematic and di�eren t

from other ad hoc heuristics.

The main idea of the P-Tree approach is the notion of tree topology being induced by a sink

permutation. Given the permutation of the sinks, considerall binary search trees with sinks at leaves

such that in-order traversal of the trees visits the leaves in the order of the permutation. In Figure 23

we show an example of a sink permutation and someof the tree topologiesthat satisfy permutation

constraints. Note that number of tree topologiesis exponential in general.

The algorithm then determines the placement of internal tree nodes (branching points) and also

determines the routes between them. A possible solution would be to generate all tree topologies

and invoke tree embedding algorithm on each of them. This approach, although correct, would yield

huge computational complexity. In (34) it is observed that this constrained tree topology spacehas a

structure that is suitable for Dynamic Programming approach.
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Permutation: a, b, c, d, e

Figure 23. Example of sink permutation and sometree topologiesthat satisfy permutation
constraints.

Let us de�ne P[i; j ] to represent a set of sub-solutions that span all the sinks from sink i to sink

j in the given sink permutation. Without paying attention to basecase,the recurrencerelation that

speci�es P-Tree solution sets is as follows:

P[i; j ] =
[

k2f i::j � 1g

f P [i; k] � P[k + 1; j ]g:

This recurrence relation is very similar, for example, to the one used in dynamic programming

approach to determine the optimal order of matrix multiplications as in (51). Let us illustrate this

idea through an example. Assume that we have 4 sink instance and a given permutation (a;b;c;d).

An example of all tree topologiesin the P-Tree spacethat satisfy this given permutation is shown in

Figure 24. Figure 25 shows how the matrix used for high-level computation looks like. In the matrix

sinks are located at M [i; i ]. M [i; j ] represents a set of sub-solutionsthat cover all topologiesthat obey
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Figure 24. Example of all tree topologiesin the P-Tree spacewhich satisfy sink permutation a;b;c;d.

sink permutation and cover sinks i::j . Final solutions in this example are at M [1; 4]. To obtain the

�nal solutions, we have to populate 6 empty slots in the matrix M .

More details about the initial permutation construction and other components of the P-Tree algo-

rithm can be found in (34).

3.3 Univ ersal Topology Space Enco ding

To better understandtopology spacedescription it is usefulto observesomeof the known techniques.

Let us start with the simplest case: �xed topology embedding from Section 2.2.4. There, we had a
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Figure 25. Matrix usedfor the P-Tree recurrence.

problem of mapping verticesand edgesof a given topology to the verticesand edgesof a target routing

graph. Figure 19 illustrates the embedding spacefor a given topology where we show two possible

embeddings. Even though the topology is �xed, there is clearly some 
exibilit y in the embedding

which may be useful particularly in timing driven applications.

Now considera subtree in T rooted at vertex u and with left and right children l(u) and r (u), which

represent partial solutions for the left and right subtrees. Let P(u) be the set of sub-solutions for the

subtree rooted at u and covering all sinks in the subtree. Ignoring the basecase(which is trivial), the

following recurrencerelation explains how to compute solutions at the parent node, oncethe children

have beencomputed:

P(u) = f P(l(u)) � P(r (u))g.

This recurrencerelation suggestseasyrecursive implementation, but wewill insteadusethis relation

as a guide for more general dynamic programming bottom-up algorithm. Basically we traversegiven

topology in bottom-up fashion and compute solutions at all child nodesbeforecomputing solutions at

the parent. Topology spacein this caseis speci�ed by a simple binary tree.
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In the P-Tree case,described in Section 3.2 (for more details see(34)), situation is more complex.

Singlebinary tree is not su�cien t to represent a topology spaceof P-Tree. By observinghow solutions

are constructed we seethat we still have to join somechild solutions and then merge somealready

computed solutions at the parent. Again we still have that strong dependencythat child solutions must

be computed before the parent's solutions and that we do not have cyclesin our topology description.

At this point we are proposing that topologiescould be represented by a Directed Acyclic Degree-3

Hypergraph (DAD3H). Every degree-3hyper-edgewill connect parent with two of it's children for

which operation join has to be performed. Since a parent node may have more than one outgoing

hyper-edge,once the joins are computed for each outgoing hyper-edge,we merge all those solutions

and obtain the �nal solution at the parent node. We now apply this principle recursively in bottom-up

fashion. In other words we do a topological sort of vertices of \D AD3H" and we visit them in reverse

order so that children are visited always before their parent.

An example of DAD3H for the 4 sink instance is shown in Figure 26. Observe that here we have

exactly 6 internal vertices that needto be populated. Semantics of thosevertices is exactly the sameas

the semantics of slots in the matrix M shown in Figure 25. Sink nodesare replicated for visualization

clarit y purposes.

If we observe more carefully what these internal vertices represent, we can seethat each of them

represents solutions for exactly one subset of sinks. For example vertex marked with \x" represents

all sub-solutionsthat are induced by sinks f a;b;cg and there is no other vertex that represents exactly

this subset f a; b;cg.
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Figure 26. Example of topology spacehypergraph for P-Tree topology solution spacefor 4 sink
topology and permutation \a, b, c, d".

3.4 The U-T ree Algorithm

This work attempts to unify topology and embedding degreesof freedom into a single framework

and optimization enginecalled U-Tree. In particular, we are utilizing genericencoding schemesfor both

topological and embedding spacesand a genericcomputational enginewhich takes the descriptions of

these spacesin addition to the problem instance as parameters. Conceptually the goal is to separate

the frequently heuristically guided topological and embedding decisions from the core optimization

(Figure 27). Thus, depending on the speci�cation of said spaces,one can represent anything from

basic van Ginneken �xed topology optimization to fully optimal topology and embedding (based on

the Dreyfus-Wagner decomposition (15)). It is argued that the existence of such a capability will

be of great utilit y to both researchers and practitioners in that it enablesfast implementation and
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Figure 27. Separating core optimization from topology and embedding decisions.

experimentation with new ideas with respect to solution space coverage. When one considers the

implementation complexity of someof the underlying techniques, we argue that this is of substantial

value.

3.4.1 Problem Form ulation

Given thesenotions of topology spacesand embeddingspaces,the U-Treealgorithm optimally solves

the following problem: Given sink and driver locations, technology parameters, timing requirements,

a bu�er library , a target routing graph (which implicitly includes routing and bu�er blockages), a

topology spacedescription and additional routing constraints, �nd a topology in the corresponding
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space,its embedding and bu�er assignments which minimizes cost (e.g., somefunction of bu�ers, area,

wire length) subject to timing constraints being met.

3.4.2 Algorithm

Dynamic programming decomposition is similar in 
a vor to several past works ((39), (37), (24),

(25)). A candidate solution for a bu�ered subtree rooted at somevertex in the target routing graph

will be represented by its signature. Any of the solutions signaturespreviously described in Chapter 2

are supported.

Let u be a vertex in the given topology T and v be a vertex in the target routing graph G. We

de�ne A(u; v) to be the set of non-dominated solutions for subtree rooted at u in given topology T,

with root placed at v in G, connecting all sinks in that subtree.

Weapply dynamic programming techniquesto computethesesetsin bottom-up fashion(an overview

of the U-Tree algorithm appears in Figure 28).

When all sets are established, the candidate solutions in A(us; vs) (where us is the root of the

topology and vs is the location of the driver in the target graph) are augmented to consider the e�ect

of the driver (additional load-dependent delay) which then results in the overall set of non-dominated

solutions. Theseform a tradeo� curve from which a solution can be selected.

In order to compute these sets it is useful to de�ne a related group of intermediate sets in which

the vertex v in the target graph is constrained to be a branching point (basically, a Steiner). Let these

sets be Ab(u; v). Subsequently we will refer to these sets simply as A(�) and Ab(�). These branching

solutions Ab(�) are computed from the appropriate previously computed single-stemsolutions (A(�))

via a Join operation (as illustrated in Figure 28).
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Subroutine: JoinTree(Tg; G; u)
Tg: Topology routing constraints
G: Target routing graph; u: Vertex in topology hyper-graph

f1 Ab  ;
f2 for each vertex v 2 Tg(u)
f3 for each outgoing hyper-edgeh from u
f4 tmp  Join (A(h:lef t; v); A(h:r ight; v))
f5 Ab(u; v)  Ab(u; v) [ tmp
f6 endfor
f7 endfor
f8 A(u)  GenDijkstra (Ab(u); Tg; G)
f9 return A
Algorithm: U-Tree(P; G; s;n)

T: Topology hyper-graph; G: Target routing graph
Tg: Topology routing constraints; s: source node;

e1 for each sink t i in T do A(t i )  Initial (Tg; G; t i )
e2 Queue  In verseTopologicalSort (T )
e3 while Queue 6= empty
e4 A(Queue:top)  JoinT ree(Tg; G; Queue:top)
e5 Queue:pop
e6 endwhile
e7 F inal  Augmen tF orDriv er (A(T:r oot); s)
e8 return F inal

Figure 28. The U-Tree Algorithm.
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We have de�ned what the solution setsA(�) and Ab(�) mean and given an idea of how to compute

Ab(�). What remains is the computation of A(�). This problem can be solved e�cien tly through a

generalizedversion of Dijkstra's shortest path algorithm described in the Section 2.1. We let the

branching point solutions form the initial wavefront (note that the wavefront entries can be vectorsnot

scalarsas in traditional shortest paths) and expand in a manner explained in Section 2.1. Note that

bu�er insertion is performedwithin generalizedDijkstra's algorithm. In pseudo-code we alsomentioned

Join operation and testing and pruning suboptimal solutions. Theseoperations are not trivial and are

also described in Section 2.1.

3.5 Stitc hing Idea and The S-Tree Algorithm

The S-Tree algorithm usesa given topology to capture physical locality of sinks (this topology

can be generated by any means). Ignoring temporal locality for the moment, Figure 19 illustrates

the embedding spacefor a given topology where we show two possibleembeddings. Even though the

topology is �xed, there is clearly some
exibilit y in the embedding which may be useful particularly in

timing driven applications. This 
exibilit y however is limited and precludescertain potentially useful

solutions (e.g. it may be useful depending on timing requirements to isolate sink a completely with its

own path from the driver s; this is not possiblefor this topology).

S-Treegeneralizesthis notion to provide more 
exibilit y in the topology space(in fact, exponential


exibilit y). This is donethrough a sink partition (in general,this sink partition may be arbitrary , but a

partition heuristically separating likely near critical sinks from non-critical sinks is useful in practice).

In the S-Tree algorithm, besidesa topology T, we are also given a partitioning of the sinks into

two disjoint sets S1 and S2. Now consider a subtree in T rooted at vertex u and with left and right
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children l(u) and r (u), representing subsolutions for the left and right subtrees. Some sinks in the

subtreebelong to S1 and others to S2. If we have two setsof topologiesL and R (covering disjoint sets

of sinks), then L � R is the set of all topologieswhere a root has a member of L as its left subtree and

a member of R as its right subtree (basically a cross-product; if one of the sets is empty, the output is

the other non-empty set).

Given thesenotions, let P12(u) be the set of topologiesin the S-Tree spacefor the subtree rooted

at u and covering all sinks in the subtree. Let P1(u) be the set of topologiesfor the subtree rooted at

u and covering only those sinks in the subtree which are in partition S1. Similarly P2(u) is the set of

topologiesrooted at u and covering sinks from S2. If u is a sink, then it doesnot have subtrees. Sinceu

must be either in S1 or S2, the basecaseis trivial: If u 2 S1 and u is a sink then P12(u) = P1(u) = f ug

and P2(u) = ; : Casewhere u is a sink in S2 is handled similarly. The following recurrencerelations

establish thesesets:

P1(u) = f P1(l (u)) � P1(r (u))g

P2(u) = f P2(l (u)) � P2(r (u))g

P12(u) = f P12(l (u)) � P12(r (u))g [ f P1(u) � P2(u)g.

The expansionin solution spacecomesfrom P12(u). It allows us to \promote" one of the subsetsand

stitch it to the root (giving rise to the S-Tree name). This principle is applied recursively.

Figure 29 illustrates the solution spacefor a 6-sink topology with a given sink partitioning. Natu-

rally, the given topology (on top) is included in the spacein addition to the other four shown. Note

that while three topologiesare isomorphic to the given topology, someof the sinks have beenre-labeled

(b and e now being closer to the root and c and f farther).
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Figure 29. S-Tree topology solution spaceexample.

Two notions motivate this idea. First, in a dynamic programming framework, the optimal solution

in the expandedsolution spacecanbe found with only a small amount of extra work vs. the totally �xed

topology case.Second,it is well-suited to timing related issueswhere it is often desirablefor groups of

critical or non-critical sinks to be in the samesubtree. If S1 and S2 are critical and non-critical sinks

(or are believed to be so), then the stitching operation enablesthis quite naturally .

To illustrate the secondpoint, considerFigure 30. Topology and a sink partition is given and sink

b is critical. It is likely that we desirea direct path from s to b which decouplesall o�-path capacitance

with one or more bu�ers. For the given topology, the best we can do is illustrated on the lower-left.

In the S-Tree, the solution on the lower-right becomespossible. Not only will the S-Tree solution have

lower delay to sink b, it also usesjust one bu�er. We expect that such savings will be increasingly



61

c

s

ba

Sink Partition:  {a, c}, {b}

s

a

b

c

s

a

b

c
S-Tree SolutionFixed Topology

Figure 30. Illustration of critical sink isolation and bu�er savings in the S-Tree.

important asmore bu�ers are neededin typical designsand conservation of bu�ering resourcesbecomes

crucial.

Given this notion of the S-Tree space,the algorithm optimally solvesthe following problem: Given

technology parameters, timing requirements, a bu�er library , a target routing graph, a topology and a

sink partition (S1; S2), �nd a topology in the corresponding space,its embeddingand bu�er assignments

which minimizes cost (e.g., somefunction of bu�ers, area, wire length) subject to timing constraints.

In addition to the abilit y to deal with blockages,one of the contributions of this work is the notion

of using sink partitions to capture temporal and/or polarity locality and expand the solution space

accordingly. We refer to the way in which the various notions locality interact as \stitc hing." Oncethe

S-Tree topology spaceis constructed it can be handed o� (with other input parameters) to the U-Tree

solver to generate�nal solutions.

We have presented algorithms wherethere are two setsof sinks. However there is no reason(except

computational complexity as there is a run-time term which is exponential in the number of sets) that
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we cannot usethree or more sets. In fact, in the limit wherewe have n singleton sets,the permutation

becomesirrelevant and we obtain optimalit y.

We found two more set partitioning schemesto be of particular interest. We can partition sinks as

non-critical, \not sure" if critical, and highly critical. We then de�ne the following sets: A1, A2, A3,

A12, A23, A123. Observe that we do not join solutions that spawn highly critical and non-critical sinks

(A13) for obvious reasons.

The other caseof practical interest is with 4 partitions: (S1) positive polarit y constraints and

critical, (S2) positive and non-critical, (S3) negative and non-critical, (S4) negative and critical. Here

we de�ne following nine sets: A1, A2, A3, A4, A12, A23, A34, A14, A1234 in the similar way. Observe

that in \in termediate" sets we join all critical sets, all non-critical sets, all positive polarit y sets, and

all negative polarit y sets. In this way we are able to simultaneously capture physical, temporal and

polarity locality.

Given the U-Tree topology spacedescription, oncewe construct the topology spacehypergraph we

can apply the U-Tree engine to e�cien tly solve this problem formulation. In Figure 31 we give an

exampleof topology spacehypergraph that represents S-Tree topology spacefrom Figure 29 (someof

the sinks in the �gure are duplicated for visualization purposes).Observe that total number of internal

nodesin new hyper-graph is 9. If we add up the number of internal nodesin the original topology tree

(5), non-redundant nodesfrom the replica of the sametopology tree that contains only sinks f a; c;d; f g

from the �rst set (3) and non-redundant nodesfrom the replica of the sametopology tree that contains

only sinks f b;eg from the secondset (1) we get exactly 9, what is consistent with our construction for

S-Tree's topology space.
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Figure 31. Example of topology spacehypergraph for S-Tree topology solution spacefrom Figure 29.

3.6 The SP-T ree Algorithm

The P-Tree algorithm (37) achievesa high degreeof 
exibilit y (enabling an exponential number of

topologies)by constraining the topology to be induced by a sink permutation. This sink permutation

is constructed in a way that capturesphysical locality betweensinks; thus consecutive subsequencesin

the permutation are likely to make good candidate subtrees.

Sincethe permutation is determined solely by physical locality, we observe similar phenomenonas

in the caseof �xed topology embedding: the abilit y to e�ectiv ely isolate critical/non-critical groups

of sinks is limited (similarly , the abilit y to separatesets of sinks with di�ering polarit y requirements

is poor). For example, consider Figure 32. We seethat the critical sinks are \pinc hed" by the given

sink permutation and it requires three bu�ers to decouplethe non-critical sinks. On the other hand

a di�eren t topology outside the P-Tree space would enable a single bu�er to give equal or better

performanceas shown in the lower solution.
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Figure 32. P-Tree's inabilit y to capture solution of smaller cost. Critical sinks are b and d. Sink
permutation is f a; b;c;d;eg, sink partition is f a; c;eg; f b;dg; proposedapproach captures solution on

bottom.

At �rst glance, it is appealing to adopt a di�eren t similarit y metric (as in (1)) as a guide for

constructing the sink permutation to alleviate this problem. However, our experienceindicates that the

heuristic measuresonemight attempt lack the predictabilit y necessaryfor a robust approach. Instead,

we have adopted the stitching idea of S-Tree whereby sink criticalit y (and now polarit y requirements)

are captured through the orthogonal notion of sink partitions, while the sink permutation continuesto

capture the physical sink locality. The resulting generalization of P-Tree has beendubbed SP-Tree.

An exampleof how the topology space(i.e., A(�) sets) is constructed is given below:

A1(i; j ; v): the set of non-dominated solutions with root embeddedat v in G and connecting only

sinks in the intersection of S1 and sinks i::j

A2(i; j ; v): Similarly de�ned except limited to sinks in S2.
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A12(i; j ; v): Similarly de�ned, but topologiesmust connectsinks in S1 [ S2 contained in i::j (in this

caseall sinks in i::j ). Note that the set of topologiescoveredby this set is a strict generalizationof the

usual P-Tree spacein that topologiesare built up additionally using the A1(�) and A2(�) solutions.

To computethesesetswealsode�ne respectivebranching solutionsAb
1(�), Ab

2(�) and Ab
12(�). Proceed-

ing bottom-up we compute setsA1(�), A2(�), and A12(�) in the sameway as explained previously with

onedi�erence in computing setsA12(T; v) (this is where the stitching comesin). Solutions in Ab
12(T; v)

may be constructed �rst by joining A12(T:lef t; v) with A12(T:r ight; v) or from joining A1(T; v) with

A2(T; v) (these are the \stitc hed" solutions). The non-dominated solutions in the resulting union are

retained. In this way we separatecritical/non-critical sub-trees(and similarly when considering sink

polarities).

Our current framework is more general in that we enable the partitioning of sinks into four sets

(if appropriate) to consider sink polarit y requirements: critical/p ositiv e, critical/negativ e, non-

critical/p ositiv e, non-critical/negativ e. This generalizationhasbeenapplied to the S-Treeframe-

work as well.

We feel that we needto clarify the objectivesof SP-Tree vs. those of S-Tree. The main advantage

S-Treehas is scalability while the advantage of SP-Tree is solution spacecoverage. The goal of SP-Tree

is to provide excellent solution quality for modest sizednets which represent a large percentage of those

in practice (e.g., up to 10 or 12 sinks). On the other hand, S-Tree (or somehybrid approach) may be

usedfor larger fanout nets (e.g., up to 20 sinks).

Again, after costructiong the topology spacehypergraph, we can usethe U-Treeengineto solve the

problem.
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Figure 33. Example of topology spacehypergraph for optimal topology solution spacecoverage.

3.7 Optimal Tree Topology Exploration

To obtain provably optimal solution, one can de�ne topology spacethat contains all possibletree

topologies, like in (15). In that casewe need to have internal vertex in the topology hypergraph for

every proper sink subset and hyper-edgefor every possibleway to construct each proper subset (this

would be equivalent to S-Treespacewith n sets,whereeach sink is in separateset). Number of internal

vertices that we have in this caseis

nX

i =2

0

B
B
@

n

i

1

C
C
A = 2n � n � 1

An example of a topology spacehypergraph for a 3 sink instance is given in Figure 33 (sinks are

duplicated for visualization purposesonly).
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3.8 Complexit y Analysis

We start with the SP-Tree algorithm. Let us �rst considerthe casewithout stitching, which would

be an extended version of P-Tree algorithm with abilit y to handle blockages. In the literature P-

Tree algorithm is mentioned in \v arious running modes" (P-TreeA, P-TreeAT and P-Tree). We have

extendedthe P-Treealgorithm from (38), sinceP-TreeA and P-TreeAT do not perform bu�er insertion

(P-TreeA constructs a timing driven min cost unbu�ered tree, and P-TreeAT constructs a set of non-

dominated unbu�ered trees with cost/slack trade-o� ). As stated in (38) evaluating the algorithm

in terms of the number of primitiv es it executes,we have an O(n5) algorithm. This can be seenin

the computation of Ab: there are O(n4) sets Ab(v; i; j ) (note that there are O(n2) vertices in target

routing graph) and for each such set we execute O(n) primitiv es. The primitiv es are not constant

time operations. However, it can be argued that the sizeof thesesets is polynomially bounded in the

parameters of the problem instance and thus the algorithm is pseudo-polynomial overall. In further

discussionwe will usenotation P(n) for non constant time operations that are polynomially bounded

in the parametersof the problem instance.

Our �rst extensionof P-Tree (38) includes abilit y to handle blockages.We have done that through

general graph model and modi�ed Dijkstra's algorithm without a�ecting the overall algorithm com-

plexity. The overall complexity is still dominated by computing Ab(�) sets. In P-Tree(38) computation

of setsA(�) was performed by four sweepsof the grid graph (O(n2) size), and that was invoked O(n2)

times yielding overall complexity of O(n4). With our modi�cations we have O(n2) runs of general-

ized Dijkstra's shortest path algorithm yielding O(n2) � O(n2 log(P(n))), which is O(n4 log(P(n))), so

computation of Ab still dominates overall complexity.
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Figure 34. Runtime of SP-Tree scaledto runtime of P-Tree. Curvesshow minimal and maximal ratio.

Our secondextensionincorporatesstitching. Let us examinethe casewith two sink partitions (cases

with moresink partitions aresimilar). Instead of computing setsA(�) and Ab(�) wenow have to compute

setsA12(�), A1(�), A2(�), Ab
12(�), Ab

1(�) and Ab
2(�). In other words we have about three times more work.

In practice, due to pruning suboptimal solutions and due to the fact that sinks in somesubtree may

be from one partition only, we have a slowdown smaller than the factor of three. In Figure 34 we have

compareda slowdown factor of SP-Treecomparedto P-Treeon various nets. We have plotted maximal

and minimal slowdown factor per net size that we encountered in our experiments. By stitching we

are able to expand solution spaceexponentially (in general case)and pay only constant overhead in

runtime.

As for the S-Tree, we have O(n3) setsAb(u; v). In computing Ab setswe executeO(n3) primitiv es.

For computation of A we have O(n) calls of modi�ed Dijkstra's algorithm what yields a complexity of

O(n3 log(P(n))).
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3.9 Solution Spaces

It is instructiv e to comparesolution spacecoverageof our algorithms and other known techniques

(Figure 35). If we start with van Ginneken style bu�er insertion algorithm (17) on �xed and embedded

topology, we can generalizeit by relaxing the embedding constraint and allowing simultaneoustopology

embedding and bu�er insertion on �xed (non-embedded) topology. By relaxing topology constraint

further we can take two directions. Allowing topology to break using stitching we get the S-Tree

algorithm, or by consideringall topologiesthat satisfy sink permutation we get the P-Tree algorithm.

If we start from the sametopology, solution spacesof S-Tree and P-Tree do intersect, but one is not

contained in the other (also the �xed topology mentioned above must be consistent with S-Tree and

P-Tree spaces). In the SP-Tree algorithm, stitching allows topologies that break sink permutation

constraint, so both S-Tree and P-Tree spacesare completely contained in SP-Tree's spacetogether

with someother topologiesthat are not consideredby either S-Tree or P-Tree.

3.10 Exp erimen tal Evaluation

We have implemented the U-Tree engineand used it to produce S-Tree, P-Tree and SP-Tree algo-

rithms. We performed someinitial experiments to evaluate their e�ectiv eness.The experiments were

conducted in Solaris environment on a Sun Ultra 1 workstation with a 200MHz CPU and 384MB of

RAM 1.

1For reference,an 800MHz Celeron is roughly 3.5 times faster than this machine which was usedfor compat-
ibilit y with the RMP executable



70

van Ginneken

Topology
embedding

S-Tree P-Tree

SP-Tree

Figure 35. Illustration of solution spacecoverage.

3.10.1 Target Routing Graph Construction

As a preprocessingstep we construct a graph on which an abstract topology will be embedded. We

extend grid lines from the driver and every sink. Intersections of those grid lines becomecandidates

for branch points (Figure 36). To allow simultaneousrouting blockageavoidancewe remove all vertices

(and edgesadjacent to them) which are coveredby routing blockages.Then we include additional grid

lines which are adjacent to boundaries of those blockages(shifted in appropriate direction by value

determined from technology parameters). Intersection of those new grid lines with existing onesalso

gives candidates for branch points (Figure 37). Routing blockagesthat are not of rectangular shape

can be represented as a union of rectangular shaped blockages.
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Another type of blockageis bu�er blockage,i.e., region in which the bu�er insertion is not allowed,

but wires can go through. To handle those we mark all vertices in routing graph that are covered by

bu�er blockagesto prevent bu�er insertion (but still considerthem as branching candidates). Also we

add extra grid lines around bu�er blockagesto allow detours for possiblebu�er pickups.

It is worth mentioning that our algorithms are designedto work on general graphs (which can

represent multiple layers, diagonal wires, etc.) and that this is just one of the ways to construct a

target routing graph (we usedthis construction in our experiments).

To capture congestion, we can assignsomecost (di�eren t from default values) to each edgeand

vertex in the graph. Vertex cost should re
ect placement congestion information. If the region is

congestedthen it is \exp ensive" to insert a bu�er at that location and it would be \cheaper" to insert

a bu�er in somelesscongestedarea. In this way cost of inserting a bu�er is context dependent. If a

bu�er is not inserted at somevertex, there is no contribution of that vertex to the total solution cost. In

the similar way, edgecost should re
ect routing congestioninformation, i.e., routing over regionswith

smaller routing congestion is \cheaper" then routing over highly congestedareas. Considering both

routing and placement congestion,non-critical nets (and non-critical subtreesof a net) are stimulated

to uselessexpensive resources,leaving scarceresourcesin congestedregionsavailable for critical nets.

3.10.2 Initial Tree Topology Construction

Although initial topology is a parameter to S-Tree algorithm, it has to be generatedsomehow. For

the purposesof this experimental evaluation we used MST basedapproach and a P-TreeA topology,

both discussedin (37) and (9).
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3.10.3 Sink Partitioning

For experimental purposeswe use simple heuristics to partition critical from non-critical sinks.

We compute estimated delays from the source to each sink, adjust the given required time by these

estimatesand then rank the estimated achievable slacks. Partitioning with respect to sink polarit y is

trivial.

3.10.4 Addtitional Bu�er Candidate Lo cations

Careful choiceof bu�er candidate locations may improve solution quality. For example,segmenting

long wires and/or inserting additional grid lines into graph may yield better solutions. These simple

modi�cations do have impact on runtime but do not a�ect overall algorithm complexity.

3.10.5 Results

The main criteria of interest are solution quality in terms of both slack and cost (wire length and

bu�er usage)and run-time. Our experiments are comparedwith a P-Tree basedapproach (38) (mod-

i�ed using U-Tree to handle blockages)which is known to produce high quality solutions particularly

for uniform required times and RMP (13). For RMP we also reported results for \Quic k" running

mode where heuristics are used to reduce CPU time (RMP-Q in tables). Wire length is reported in

microns, slack in pico seconds,and execution time in secondsof CPU time. Technology parametersare

representativ e of 0:25�m technology. For each net three solutions are shown: minimum cost, minimum

cost feasible(cheapest with positive slack), and maximum slack. Runs that failed to report result in 30

minutes wereterminated. Maximum amount of memory usedby S/P-T reealgorithms was83MB. Solu-

tion cost in the S/P-T reealgorithms is de�ned asa function of wire capacitance(which is proportional
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TABLE I I

6-12 PIN NETS, UNIF ORM REQUIRED ARRIV AL TIME

Net Alg. min cost min cost feasible max slack cpu
wl slk buf cost wl slk buf cost wl slk buf cost

RMP-Q 20766 12 9 23160 20766 12 9 23160 20766 12 9 23160 0.1
RMP 22067 97 10 24727 22067 97 10 24727 22067 97 10 24727 3.9

net1-06 S-Tree 17991 -2493 0 17991 17991 16 5 19321 24495 120 7 26357 0.3
P-T ree 17991 -2493 0 17991 17991 16 5 19321 22128 123 7 23990 0.6
SP-Tree 17991 -2493 0 17991 17991 16 5 19321 22128 123 7 23990 1.1

RMP-Q 30054 483 17 34576 30054 483 17 34576 33244 510 17 37766 1.4
RMP 32183 573 18 36971 32183 537 18 36971 32183 537 18 36971 677

net1-08 S-Tree 22894 -2551 0 22894 22894 67 4 23958 30276 537 12 33468 1.7
P-T ree 21956 -4989 0 21956 22495 162 4 23559 29745 541 12 32937 7.1
SP-Tree 21956 -4989 0 21956 22495 162 4 23559 29745 541 12 32937 16.9

RMP-Q 33448 353 23 39566 33448 353 23 39566 33448 353 23 39566 104
RMP - - - - - - - - - - - - -

net1-10 S-Tree 25691 -4314 0 25691 25911 2 5 27241 26860 418 15 30850 5.7
P-T ree 25340 -4090 0 25340 25340 47 5 26670 27415 426 14 31139 40
SP-Tree 25340 -4090 0 25340 25340 47 5 26670 27415 426 14 31139 109

RMP-Q 50741 555 32 59253 50741 555 32 59253 50741 555 32 59253 1096
RMP - - - - - - - - - - - - -

net1-12 S-Tree 25739 -5799 0 25739 25739 69 7 27601 37611 645 16 41867 24
P-T ree 24970 -5650 0 24970 25445 118 5 26775 39870 648 20 45190 295
SP-Tree 24970 -5650 0 24970 25445 118 5 26775 39870 648 20 45190 687

to wire length) and input bu�er capacitance(W ir eCap+ � � I nB uf Cap). This enablesarbitrary kind

of cost normalization (e.g., bias toward minimizing bu�ers or wire length). Bu�er input capacitanceis

not a good measureof bu�er cost since bu�er libraries contain cascadedbu�ers which do have small

input capacitancebut large area. In absenceof \real world" bu�er cost data we usedthis cost, but in

general it is given to our algorithms as a parameter.

In the �rst setof experiments weusedrandomly generatednetswith small variations in sink required

arrival time (Table I I). Also we made bu�ers inexpensive (� = 2). This experiment shows that when

there are no variations in temporal or polarity locality between sinks, algorithm that considersonly
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TABLE I I I

6-12 PIN NETS, NON-UNIF ORM REQUIRED ARRIV AL TIME, BUFFER-BIASED COST

Net Alg. min cost min cost feasible max slack cpu
wl slk buf cost wl slk buf cost wl slk buf cost

RMP-Q 18288 -176 8 231088 - - - - 22664 -148 10 288664 0.1
RMP 23001 -6 12 342201 - - - - 23001 -6 12 342201 5.4

net2-06 S-Tree 16177 -2402 0 16177 22478 12 8 235278 22478 12 8 235278 0.3
P-T ree 16177 -2402 0 16177 17867 11 7 204067 22478 19 8 235278 0.8
SP-Tree 16177 -2402 0 16177 24168 3 6 183768 24168 19 7 210368 1.7

RMP-Q 24459 825 13 370259 24459 825 13 370259 24938 838 14 397338 1.1
RMP 27328 907 15 426328 27328 907 15 426328 26808 925 16 452408 742

net2-08 S-Tree 20857 -1461 0 20857 25748 125 1 52348 29719 944 6 189319 2.7
P-T ree 20340 -1413 0 20340 21617 13 1 48217 23279 944 7 209479 30
SP-Tree 20340 -1413 0 20340 21617 13 1 48217 27884 944 6 187484 61

RMP-Q 27840 307 19 533240 27840 307 19 533240 27840 307 19 533240 48
RMP - - - - - - - - - - - - -

net2-10 S-Tree 18896 -1490 0 18896 19738 156 2 72938 21523 376 7 207723 28
P-T ree 18428 -2114 0 18428 18428 160 3 98228 20998 381 8 233798 145
SP-Tree 18428 -2114 0 18428 19355 156 2 72555 20998 381 8 233798 297

RMP-Q 35743 1630 23 647543 35743 1630 23 647543 36782 1636 25 701782 1801
RMP - - - - - - - - - - - - -

net2-12 S-Tree 23213 -1684 0 23213 23213 207 1 49813 33150 1704 11 325750 106
P-T ree 22585 -1529 0 22585 22585 224 1 49185 32028 1711 11 324628 674
SP-Tree 22585 -1529 0 22585 22585 224 1 49185 36149 1712 9 275549 1579

TABLE IV

6-10 PIN NETS, NON-UNIF ORM REQUIRED ARRIV AL TIME, POLARITY AND
BUFFER-BIASED COST

Net Alg. min cost min cost feasible max slack cpu
wl slk buf cost wl slk buf cost wl slk buf cost

S-Tree 24289 -1037 1 50899 18047 160 3 97847 18127 650 9 257537 0.5
net3-06 P-T ree 16253 -1059 2 69453 22026 13 3 101826 20082 660 8 232882 2.4

SP-Tree 24289 -1037 1 50889 25855 11 2 80485 20082 660 8 232882 4.1

S-Tree 31864 -590 1 58464 31864 469 2 85064 32743 1419 14 405143 3.3
net3-08 P-T ree 26953 -791 2 80153 22962 382 3 102762 31474 1422 14 403874 23

SP-Tree 31864 -590 1 58464 31864 469 2 85064 31474 1422 14 403874 62

S-Tree 35030 -1935 1 61630 35030 126 2 88230 35030 553 5 168030 24
net3-10 P-T ree 30701 -2455 3 110501 26099 123 4 132499 26099 552 7 212299 147

SP-Tree 35030 -1935 1 61630 35030 126 2 88230 35030 553 5 168030 322
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TABLE V

15-21PIN NETS (HIGH FANOUT NETS), BUFFER-DOMINA TED COST

Net Alg. min cost min cost feasible max slack cpu
wl slk buf cost wl slk buf cost wl slk buf cost

net4-15 S-Tree 49424 -3451 0 49 39501 209 5 5049 46802 385 8 8049 18.9
net4-18 S-Tree 35325 -3784 0 35 43696 62 5 5043 49776 450 11 11049 42.8
net4-21 S-Tree 45708 -2836 0 45 45480 409 3 3045 47421 1137 7 7047 115.5

physical locality (P-Tree) is su�cien t if the goal is to achieve high quality solution (i.e., good slack

and small cost). If the goal is to achieve good solution quickly then S-Tree is a good choice, since its

smaller solutions spaceis compensatedby \stitc hing" to �x initial topology \bad" decisions.Also it is

clear that in complex designs,algorithm that maximizesslack without consideringsolution cost is not

of much usefor interconnect construction (it could be usedfor delay estimation).

In the secondsetof experiments weallowed largevariations in sink required arrival times (Table I I I).

We made bu�ers very expensive (� = 200) 1. This allows more wire detours in searching for a better

solution. Algorithms that considerboth temporal and spatial locality give cheaper solutions of the same

slack. Although S-Tree is signi�cantly faster, SP-Tree's larger solution spacemakes it more robust.

Again, algorithms that do not consider solution cost produce solutions that are not very likely to be

usedin practice.

1Considering the overhead of adding a bu�er (e.g., intro duction of vias, local routing overhead, power con-
sumption, possibility of needing to do an ECO on the placement), this high bu�er cost seemsjusti�ed in some
scenarios
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Figure 38. Cost/p erformancetrade-o� curve for P-Tree and SP-Tree on net3-10.

To demonstrate the full power of SP-Tree, in the third set of experiments we included sink input

polarit y constraints (Table IV). Bu�er library now contains bu�ers and inverters. Data for RMP is

not included since the implementation we were able to obtain doesnot support inverters and varying

sink polarit y constraints. Bene�ts of stitching idea are even larger for those \di�cult" nets. On

cost/p erformancetrade-o� curve (Figure 38) it could beseenthat SP-Treegivesmuch cheaper solutions

than P-Tree for �xed slack, although solutions do convergeto the samemax slack solution.

In the fourth set of experiments (Table V) we demonstrate the abilit y of S-Tree to handle relatively

high fanout nets. In cost function bu�er cost dominates wire cost. Other algorithms were not able to

produce output within given time limit.
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3.10.6 Example

To demonstrate how stitching works in practice we have constructed a simple example instance

and ran S-Tree algorithm on it. Someof the solution topologies are shown in Figure 39. Driv er is

represented by a triangle, sinks by circles and inserted bu�ers by squares.Sink that is critical for that

particular solution is circled. Also each solution's slack is reported in pico seconds,total wire length

in microns, and total number of used bu�ers. In this example, due to timing requirements sinks are

partitioned in the following way: S1 = f 1; 3; 4g and S2 = f 2; 5g. Solution on the top left obeys initial

topology, which is in this caseconstructed using geometric MST approach. As the solutions move

on trade-o� curve towards more expensive (and faster) ones, it can be clearly seenhow that initial

topology \breaks" and at the end we have sinks 2 and 5 grouped in the samesubtree, isolated from

the others. Also note how current critical sink changesfrom one solution to the other.

3.10.7 Conclusions

We have presented the S-Tree and SP-Tree algorithms for synthesis of bu�ered interconnects. The

approach incorporatesa unique combination real-world issues(handling of routing and bu�er blockages,

cost minimization, congestion awareness,critical sink isolation, sink polarities) while appearing to

provide predictably good solutions.

The abilit y to handle blockages in a uniform way and the abilit y to meet timing and polarit y

requirements while conservingbu�ering and wiring resourcesare the most important contributions of

the work. Its e�ectiv enessversusprevious approacheshas beenexperimentally veri�ed.
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Figure 39. Example topology.



4. FANIN TREE OPTIMIZA TION AND SYNTHESIS

Similarities between fanout and fanin tree embedding problems are shown in this chapter and

a solution for fanin tree embedding is proposed. As an example a tool for timing optimization of

FPGAs by placement-coupled logic replication is presented. A replication tree is intro duced as a way

to generate tree structure from non-tree circuit speci�cation. The tool usesreplication tree and the

U-Tree framework to solve a fanin tree embedding problem. Further, somee�ects that emergefrom

reconvergencesin netlist speci�cation are studied and a fanin tree embedding algorithm that over-

optimizes sub-critical paths is proposedto addresstheseissues.

4.1 Similarit y Bet ween Fanout and Fanin Tree

In the fanin tree embedding problem we are given a fanin tree, placement of leaves (inputs) and

root (sink), arrival times at the inputs and a target placement region (in our casethis is encoded in an

embedding graph). The goal is to place the internal tree nodes (gates) minimizing cost subject to an

arrival time constraint at the root (t ypically there is a tradeo� betweencost and arrival time).

s
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b

x
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c
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a
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Fanin TreeFanout Tree

Figure 40. Similarit y betweenfanout and fanin tree.
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We have observed that the problems of embedding fanin and fanout (see(24; 25)) trees are very

similar. A simple example is given in Figure 40. On the left we have a fanout tree with sources and

sinks a, b and c (signal 
o w is from top to bottom). In fanout tree embedding we place Steiner nodes

x and y. In fanin tree case,on the right, we have sink s, inputs a, b and c, and in fanin tree embedding

we place gatesx and y. For this reason,we have beenable to adapt the Dynamic Programming (DP)

tree embedding algorithm from Section 2.2.4 to the fanin tree problem.

The DP approach for fanout tree embedding starts from sinks and propagatesrequired-arrival time

and cost toward the source. In the caseof a fanin tree we start from inputs and propagatearrival time,

and cost toward the sink.

In the resulting DP approach for fanin tree embedding, a candidate solution (embedding) for a

subtreerooted at node i in the tree with node i placedat vertex j in the embeddinggraph is represented

by its signature. Depending on the application and optimizing criteria, this solution signature can be

of di�eren t forms. In Section 4.2 we show how the fanin tree embedding algorithm can be used to

determine gate placement locations in order to improve timing in the FPGA environment.

4.2 An Approac h to Placemen t Coupled Logic Replication

We present a set of techniques for placement-coupled, timing-driv en logic replication. Two com-

ponents are at the core of the approach. First is an algorithm for optimal timing-driv en fanin tree

embedding; the algorithm is very general in that it can easily incorporate complex objective functions

(e.g., placement costs) and can perform embedding on any graph-basedtarget. Secondwe intro duce

the Replication Tree which allows us to induce large fanin trees from a given circuit which can then be

optimized by the embedder. We have built an optimization enginearound thesetwo ideasand report
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promising results for the FPGA domain including clock period reductions of up to 36% compared

with a timing-driv en placement from VPR (42) and almost double the averageimprovement of local

replication from (6). Theseresults are achieved with modest area and runtime overhead.

4.2.1 In tro duction and Background

The idea of logic replication is to duplicate certain cells in a design so as to enablemore e�ectiv e

optimization of one or more designobjectives. The idea has beenapplied in several di�eren t contexts

including min-cut partitioning (e.g., (40) (41)) and fanout tree optimization (e.g., (36) (49)).

Recently a few papers including (6), (18) and (19) have explored the idea of using replication to

e�ectiv ely deal with interconnect-dominated delay at the physical level. In thesepapers it is observed

that, becausereplication e�ectiv ely separatesmultiple signal paths it becomeseasierto, at the physical

designlevel, \straigh ten" input-to-output (
ip-
op to 
ip-
op) paths which might otherwisehave been

very circuitous (and therefore high delay).

A simple examplefrom (6) reproducedin Figure 41 and Figure 42 illustrates the idea. Supposethat

the terminals at a, b, d and e are �xed. There are four distinct input-to-output paths; any movement

of the central cell c from the shown location will degrade the delay of at least one of these paths
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Figure 42. Example illustrating path straightening by replication of cell c.

(assumefor the moment a linear delay model). Thus in Figure 41 we have no choice but to tolerate

non-monotone input-to-output paths. Now supposethat we replicate cell c as shown in Figure 42 to

form c0 computing the samefunction, but feeding only output b while c drives only d. If we produce

such a logically equivalent netlist all input-to-output paths becomevirtually monotone. Note that in

this example, total wire length after replication remains almost the sameas before.

The work of (6) exploits this phenomenonand is the most closely related to this paper, so we

brie
y review its contributions. First, (6) made a compelling casefor the potential of replication by

observing that not only do typical placements contain critical paths which are highly non-monotone,

but alsothat the number of cellswhich have near-critical paths 
o wing through them is relatively small

(thus, one may conjecture that a small amount of replication may be su�cien t). Then an incremental

replication procedure was proposed and evaluated experimentally with promising results. Roughly

speaking the algorithm examined the current critical path and looked for cells to replicate; for such

cells, it placed the duplicate, performed fanout partitioning and then legalized the placement. The

criteria for selecting a cell was basedon the goal of inducing local monotonicity. Local monotonicity

was de�ned by a sequenceof 3 cells on a path v1; v2; v3. Let d(u; v) be the rectilinear distance between
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Figure 43. Limitation of local monotonicity. Cells a and b are locally monotone yet s-to-t path is not.

cellsu and v; then we say that the path from v1 to v3 is non-monotoneif d(v1; v3) < d(v1; v2) + d(v2; d3)

(i.e., traveling to v2 createsa detour). In such a case,v2 is a good candidate for replication so as to

straighten this path without disturbing other paths passingthrough v2.

While this strategy proved e�ectiv e in reducing clock period, we now observe that a technique based

on local monotonicity has limitations. Figure 43 demonstratesthis limitation. In the �gure we seea

critical path (s;a;b;t) (dashed lines indicate other signal paths which may be near critical). Clearly,

this path is non-monotoneand yet, all sub-paths(of length 3) are locally monotone. In this case(which

is not unusual), the approach is unable to improve the delay.

With this in mind, we have developed a more robust and general replication strategy. There are

two key elements around which the approach has beenbuilt.

First we study the optimal fanin tree1 embedding problem. In this problem we are given the root

of a fanin tree (e.g., a 
ip-
op), a tree circuit which producesits inputs and arrival times at the inputs

(leaves)of the tree. Our goal then is to embed the tree soasto obtain a tradeo� betweenthe cost of the

1Fanin trees are referred to by some authors as Fan-out-Free Circuits or Leaf-DAG Circuits (20); we can
handle either such structure.



85

embedding (which can be quite general)and the arrival time at the root (sink) of the tree. Our solution

has evolved from the closely related problem of embedding a fanout tree in bu�er tree synthesis (24).

While this is an interesting result in its own right, unfortunately, most circuits, becauseof recon-

vergence,do not contain large sub-circuits which are fanin trees. This brings us to the seconditem

at the core of the approach { the Replication Tree. The replication tree gives us a systematic way of

taking a set of edgesin a circuit forming a directed tree (e.g., with the root being the input of a 
ip-


op), and, using replication, induce a genuine fanin tree which can, in turn, be optimized by the fanin

tree embedder. For timing optimization as in our case,a natural selection for such a tree is a slowest

paths tree derived from static timing analysis. At this point, the embedder's abilit y to handle general

cost functions becomesimportant { in particular, we are able to naturally encode the cost/b ene�t of

replicating a cell in the \placement cost" component of the cost function.

Around these two main ideas { fanin tree embedding and the replication tree { we have built an

optimization enginefor the FPGA domain. Additional components of interest include a timing-driv en

legalizer and a set of post-processingenhancement techniques.

Section4.2.2describesa solution to the timing-driv en fanin tree embedding problem. We intro duce

the Replication tree in section 4.2.3. Timing-driv en legalizer is described in section 4.2.4. Section

4.2.5 givesa top-level view of our approach. Section 4.2.6 revealssomeof the implementation details.

Experimental evaluation is presented in section 4.2.7 and we concludein section 4.2.8.

4.2.2 Fanin Tree Em bedding

As stated in Section 4.1, in the fanin tree embedding problem we are given a fanin tree, placement

of leaves(inputs) and root (sink), arrival times at the inputs and a target placement region (in our case
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Figure 44. Example of fanin tree embedding.

this is encoded in an embedding graph). The goal is to placethe internal tree nodes(gates) minimizing

cost subject to an arrival time constraint at the root (t ypically there is a tradeo� between cost and

arrival time).

In the general case,the cost function is extremely 
exible and may include, in addition to wire-

length cost, \placement cost" in which a cost pij is incurred when cell i is placed at slot j . This

is extremely useful in our application since it allows us to give a cost \discount" if a cell is placed

\on-top" of a logically equivalent cell (and thus thesetwo cells can be uni�ed). Thus, the solutions to

the embedding problem naturally capture replication overhead.1

Figure 44 illustrates two embeddings of the samefanin tree. Given that the shadedregion in the

middle has high placement cost, we can have a solution with smaller cost but larger delay (left part of

the �gure), or we can have a solution with better delay but larger cost (on the right).

1 As an aside,a simple linear program as in (29) can solve special casesof the embedding problem but seem
incapable of solving it in the generality we have described here.



87

First, we construct an embedding graph asa uniform grid of feasibleplacement locations. Then we

assignplacement costsbasedon local placement congestioninformation. In addition to this placement

cost we have another component which gives a cost \discount" to a cell at corresponding tree node

that is placed on top of its old location in the placement (or on top of a cell logically equivalent to

it). In this way we can bias the embedder to useplacement locations that are lesslikely to require cell

replication. To each edgein the graph we assignwire cost and precompute delay it incurs. Note that

the embedder is designedto work on arbitrary graphs which implicitly allows support of non-linear

delay models and non-uniform target technology structures.

Sincewe are optimizing delay subject to minimizing cost, having both cost and delay valuesstored

in the embedding graph suggeststhat solution signature in the resulting DP approach should contain

only two values, i.e., cost and delay. A candidate solution (embedding) for a subtree rooted at node i

in the tree with node i placed at vertex j in the embedding graph is represented by its signature (c; t),

indicating that this subsolution incurs cost c and has latest arrival time t at i . Solutions at leavesare

initialized to have zero cost and arrival times as speci�ed by the problem instance (which is zero for

PIs and FFs and latest arrival time computed by static timing analysis for other leaves).

In the bottom-up DP procedure we must combine candidate solutions from subtreesto form new

candidate solutions. At internal node i in the tree and vertex j in the graph we join sub-tree solutions

as follows:

c = pi;j + c1 + c2 + ::: + ck

t = max(t1; t2; :::; tk )
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Figure 45. Replication Tree example.

where k in the number of inputs for gate at i , and pi;j is placement cost. For each pair (i; j ) instead

of single best solution we keep a list of non-dominated solutions. One solution dominates the other

if it is superior in both dimensions(i.e., both cheaper and faster). After computing joined solutions,

they are propagatedthrough the embedding graph using generalizedversionof Dijkstra's shortest path

algorithm, as in (24) and Section 2.2.4. At the root we obtain a set of solutions with cost vs. delay

trade-o�. From the trade-o� curve we pick a fastest solution that is not faster than the precomputed

lower-bound on best possibleworst delay of the circuit (which is in generallimited by distancebetween

PIs and POs and number of logic blocks in between).

4.2.3 Replication Tree

Sincemost circuits do not have large fanin trees due to reconvergence,we have devisedthe Repli-

cation Tree which enablesus to induce large fanin trees in a logically equivalent circuit. The idea is

best illustrated by an example. In the left part of Figure 45 we have a portion of a circuit with a set of

edgesin bold. Theseedgesform a tree with all edgespointing toward the root (f ). Note that in the

left �gure, this tree does not form a valid fanin tree due to reconvergence.To induce a fanin tree we
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(temporarily) make a copy of each node in the tree (f ; d;a; b;c). If the original cell is v and the copy

is vR , we assignconnectionsas follows: let u1; :::; uk be the inputs to v. If (ui ; v) is a tree edge,then

vR receives its i 'th input from uR
i ; otherwise, it receives its i 'th input from ui .

This construction is applied to the circuit in the �gure and results in the circuit on the right and

yields a fanin tree sub-circuit formed by the replicated cells. Notice that cells dR and f R connect

to c rather than cR { otherwise the replicated cells would not form a proper fanin tree (technically

speaking it is a Leaf-DAG because,for example\leaf " node c connectsto two cells in the tree, however,

sincethe timing properties of c are �xed and known, this doesnot complicate the embedding process).

Thus from the construction we have two claims. First, if we modify the circuit in this way (again,

temporarily), the result is functionally equivalent; this is clear from the construction. Second,the set

of replicated nodesform the internal vertices of a legitimate fanin tree which can be embedded.

The temporary nature of the replication can now be tied to the placement cost which we have

incorporated into the embedding formulation and this point is crucial. We mentioned that placing

a node coincidentally with a logically equivalent node receives a \discount." In the context of the

replication, this should now becomeclear { if the embedder places vR at the same location as v,

there is no replication and thus, we implicitly only replicate the cells that yield the most signi�cant

improvement. A special casemay occur if node v has fanout of one. Then we still replicate but all

placement locations receive a discounted cost, sinceno actual replication will ever occur.

Furthermore, over the courseof multiple optimizations, we may have more than two copiesof a cell.

Placement cost is assignedaccordingly in such situations (i.e., placement with any logically equivalent

cell receivesa discounted cost, not only with the immediate sourceof the replication).
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Figure 46. Example of � -slowest paths tree.

Clearly there are many trees in a timing graph which we may use to generatea replication tree.

For timing optimization, it is natural to focus on trees with slow paths. The slowestpaths tree (SPT)

can be thought of as the result of �nding a longestpaths tree from the critical sink in the timing graph

with the edgesreversed (equivalently , �nding the shortest paths tree in the reversed graph with the

delay valuesnegated). Finding this tree is trivial oncethe static timing analysis has completed.

Similarly, an � -SPT is a subsetof the slowest paths tree which includesonly cellswith paths within

� of the current critical path delay. This allows us to focus on the most critical portions of the fanin

cone of the critical sink. An example of � -slowestpaths tree is given in Figure 46. Circuit inputs are

a, b, c, d and j . Outputs are l and m. Sink m has been identi�ed as critical. Edges of the � -SPT

are shown with solid lines and dashededgesrepresent circuit connectivity. Note that g and j are not

contained in the � -SPT.
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Figure 47. Gain graph in legalizer.

4.2.4 Legalization

After the preceding phases,it is possible that somecells overlap in the placement (actually it is

very likely). The purposeof the legalizer is to resolve those overlaps and move cells from congestedto

empty locations. We observe that by moving cells that are on the critical path onemay degradecircuit

performance. In order to minimize perturbations to the placement and preserve timing achieved in the

embedding phase(as much aspossible),we have adopted ripple-movestrategy from (28). We have also

modi�ed this strategy to incorporate timing as well as wiring information.

The legalizer is invoked after each embedding phase. During embedding it is possible that we

replicate and/or move multiple cells, so we may have more than one violation in the placement. If

an overlap-free placement is achievable (i.e., there are enoughfree slots), the legalizer will resolve one

overlap at a time until the entire placement is legal.



92

In the procedure we �rst identify an overlap location. If we have more than one overlap, we pick

the �rst one we encounter while we scan placement for overlaps. We then identify up to four closest

free slots (one slot in each quadrant, if they exist, assumingthat the center is at the congestedslot).

Next we identify which of those free slots will be usedfor legalization. To do this, we construct a gain

graph (Figure 47), which has monotone paths from congestedslot to free slots. Each edgeis labeled

by the gain value that we get by moving a cell from that slot to the neighboring slot (in the direction

toward the target free slot).

Gain is computed as the di�erence of costsof having a cell at the current and the neighboring slot.

This cost has wire and timing component. Wire cost is the sum of the estimated wire lengths of the

net for which the current cell is a root and those nets for which current cell is a sink. As wire length

estimation we usehalf-perimeter metric augmented by a net sizecoe�cien t from (42).

Timing cost is computed as the squareddelay of the slowest path through the current cell if such

delay approaches the critical delay (above 60% in our experiments) and zero otherwise (in this way,

movesthat are likely to make a near critical path worseare discouraged).The cost of a cell at particular

location is a composite of timing and wire cost:

C = � CT + (1 � � )CW :

Gain of moving cell from current to new location is:

Gain = Ccur r � Cnew :
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Once we have constructed the gain graph, we �nd the max-gain path in the graph and use target

slot with the highest gain for ripple-move legalization. Note that to minimize perturbations of the

placement we move cells at most one slot during a ripple move. Another motivation for this is that

embedderhasa much stronger algorithm for optimizing cell locations, sowe want to keepcellsasclose

to those locations as possible. Note that best gain value could still be negative (i.e., we may losesome

quality/p erformance).

During ripple-moves it is possible that a cell may be moved to a slot which contains one of its

logically equivalent cells. In that casewe unify them and stop the current pass of a single overlap

legalization.

4.2.5 Optimization Flo w

Having intro duced in previous sectionsthe corecomponents of our approach to replication, we now

give an overview of how thesecomponents can be put together into a complete optimization 
o w. As

in (6), we begin from a valid timing-driv en placement produced by VPR (42).

The top-level view of how our optimizer relates to VPR is given in Figure 48: VPR is invoked to

give an initial placement; we optimize the placement by replication; we then give the result to the VPR

detailed router so as to accurately assessthe results.

Thus, our approach is not currently intended to replace any existing optimization steps in the


o w but rather to complement them. The core replication procedure is focused on highly timing-

critical sub-circuits and thus, while the embedding algorithm is nontrivial, the runtime penalty for

using such a sophisticated algorithm is very small in the scope of the entire 
o w (this has beenveri�ed

experimentally).
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VPR Timing�Driven Placement

Replication Tree Embedding

Placement Optimization by

VPR Timing�Driven Routing

Figure 48. Optimization 
o w.

Algorithm: RT-Embedding(C,P)
C: Circuit; P: Placement

a1 while (impr ovement)
a2 Static Timing Analysis (C; P)
a3 T  Extract Replication Tree(C; P)
a4 Em bed Tree(T)
a5 Post Unify (C; P; T)
a6 Legalize (C; P)
a7 endwhile

Figure 49. Replication Tree Embedding.

Another property of this approach is that we can stop at any time during optimization and have a

legalplacement of the circuit which canbehanded-o� to router. In this way wehavea 
exible optimizer

which can work within given time budget and stop at any time while guaranteeing that critical delay

would only improve (or remain as it was).
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Figure 49 illustrates the pseudo-code of our main optimization loop. In each iteration we start

with static timing analysis to identify the most critical sink. From an � -SPT, we extract a Replication

Tree with the critical sink at its root. Then we passthe tree to embedder which will produce a family

of solutions that trade o� cost and delay. After the embedding phasewe analyze circuit for possible

post-processuni�cations (seesection 4.2.6.3) since it is possibleto have equivalent cells that are not

exactly on top of each other, but closeenough that unifying them would not harm timing. Chosen

solution from the trade-o� curve will guide solution extraction algorithm to determine which cellsneed

to be replicated, or just relocated if no replication is necessary. As a �nal step we invoke placement

legalizer to resolve any possiblecell overlaps that may have occurred.

4.2.6 Implemen tation Details

Here we present someof the algorithmic details such as delay model that we used for the experi-

mental evaluation and parameters that we usedduring replication tree construction. Also we present

someof the algorithmic enhancements such as post-processcell uni�cation and 
ip-
op replocation.

4.2.6.1 Dela y Mo del

In our experimental setup we use essentially the sameplacement-level delay estimator as used by

VPR (42) and (6). For the target FPGA architecture under consideration,all the switchesare bu�ered

and interconnect resourcesare uniform. As a result, RC e�ect are localized and thus the interconnect

delay is reasonablyapproximated by a linear function of the Manhattan length of the interconnect. As

an aside,we note that in principle, the embedding algorithm can usemore generaldelay models.
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Figure 50. Example of cell uni�cation.

4.2.6.2 � -Slowest Paths Tree

As discussedpreviously, we use the � -SPT to guide replication tree construction. The value of

� is initially set to zero and is dynamically updated in the main loop of optimization 
o w. Since

our approach has no randomized components, when no improvement is found for a tree rooted at

particular critical sink, we would not be able to improve any further in subsequent iterations since

the same sink will still be critical and the same tree will be selected. We addressthis problem by

dynamically increasing the value of � when non-improvement occurs. The intuition is that extracted

tree will becomelarger and larger solution spacegivesmore freedomin tree embedding optimization.

4.2.6.3 Post-pro cess Uni�cation

Once we have an embedding of a replication tree, if we seeka timing superior solution, somecells

may be placed closeto logically equivalent cells but not quite on top of them. In this caseimplicit cell

uni�cation will not occur. However, it is possiblethat someof the equivalent cells lie on non-critical
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paths and that their child cells could pick up signal from the newly replicated cell without degrading

their arrival time (sometimesdelay can even improve).

As a post-process,for each newly replicated cell we examine all their logically equivalent cells. If

any fanout cell of those equivalent cells can improve its arrival time by taking the corresponding input

from a newly replicated cell, we reassignit to the new replica. In this way we can improve delay on

paths that were not explicitly captured by the replication tree. It is possiblethat in this processsome

of the equivalent cells remain without fanout (i.e., no cell is using their output). In this casesuch cell is

deletedas redundant. Oncewe deletea cell we have to examinechild count of its parents sincedeleted

cell could have been the only child of its parent cell and then parent itself becomesredundant. This

test is applied recursively up the path.

An exampleof this scenarioin practice is whenwehavea non-treestructure (DAG) on onesideof the

FPGA. Then in each iteration a part of the DAG is extracted asa replication/fanin tree, optimized and

placedfurther away sothat replication must occur. In consecutive iterations the other parts of the DAG

slowly migrate to the other side. Finally, the entire DAG can migrate to the other side, in which case

replications, although necessaryfor intermediate solution, are now completely redundant. Uni�c ation

naturally handles this anomaly. Figure 50 shows an example of uni�cation. Before optimization we

had cell a and its replica aR . Cell a gets relocated to proximit y of cell aR . Timing analysis reveals

that children of aR can get signal from a without degrading worst delay through it so we perform

uni�cation.
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Figure 51. Replication statistics for circuit ex1010.

Figure 51 shows relation betweenreplicated and uni�ed cells for circuit ex1010. The optimization

took 106 loop iterations and during that time 38 cells were replicated but 12 were uni�ed giving total

of 26 replications at the end.

4.2.6.4 Flip-Flop relo cation

If the circuit that we are optimizing contains FFs, it is possible that placement of those FFs is

the limiting factor for further optimization. To addressthis issuewe use a formulation from Section

2.2.5, which performs simultaneous driver placement at no extra run-time overhead; in our case,this

translates to simultaneous sink placement. Due to the deterministic nature of the approach, if we

are not able to improve timing of particular critical sink it will becomeselectedagain as critical in

next iteration of main optimization loop. If this occurs and the critical sink is a FF, then we allow

it to move. We extract the trade-o� curve which is composedof solutions at all possibleplacement

locations for critical sink (not just the initial location) and choosethe solution minimizing the arrival

time without intro ducing large delay penalty on other paths that touch the FF that are not captured
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by the optimized tree (for example nets for which this critical FF is a source). However we do allow

somedegradation of global delay, and in the main loop we save the best solution seenuntil this point,

so that we can always report the best solution encountered instead of the last onewhich could saturate

in a local optimum.

4.2.7 Exp erimen tal Evaluation

We have implemented the Replication Tree Embedding algorithm and performed someinitial ex-

periments to evaluate its e�ectiv eness.The experiments were conducted in a LINUX environment on

a PC with an Intel PentiumM 1.3GHz CPU and 256MB of RAM. The main criteria of interest are the

maximum delay through the circuit (i.e., clock period), wire length and number of logic blocks. All

such statistics are reported by the VPR timing-driv en router. We comparedour approach with Timing

Driv en VPR (42) and with the local replication algorithm from (6). Table VI shows the experimental

results for 20MCNC benchmark circuits. As mentioned earlier, weusedtiming drivenVPR to placethe

circuits. In the �rst data set we did not perform any additional optimizations. In the seconddata set

we optimized placement by local replication1 algorithm, and in the third data set we optimized place-

ment using our approach (RT-Embedding). All placements were routed using VPR in timing driven

mode. Since the local replication algorithm is randomized, we ran it three times and took the best

result. The circuits were placed on the minimum squareFPGA able to contain the circuit. As in (42)

we usede�nition of low-stressrouting as routing where FPGA has about 20% more routing resources

available then the minimum required to successfullyroute the circuit. Also from (42), in�nite-resource

1We have veri�ed with the authors of (6) that results reported in (6) were basedon wire-length-driven VPR
(by mistake) while it was reported that comparisonswere basedon timing-driv en VPR.
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TABLE VI

COMPARISON BETWEEN TIMING-DRIVEN VPR, LOCAL REPLICA TION AND
RT-EMBEDDING

Circuit Timing Driv en VPR local replication RT-Em bedding
normalized to VPR normalized to VPR

crit path [ns] wire crit path wire crit path wire
W 1 W ls length blk W 1 W ls length blk W 1 W ls length blk

ex5p 80.59 81.99 20020 1135 0.792 0.806 1.027 1.004 0.764 0.774 1.090 1.011
tseng 50.54 53.65 10495 1221 0.987 0.955 1.012 1.004 0.987 0.978 1.060 1.002
apex4 72.12 75.41 22332 1290 0.912 0.913 1.042 1.012 0.888 0.913 1.107 1.011
misex3 64.44 65.87 21784 1425 0.914 0.937 1.013 1.007 0.852 0.891 1.148 1.010
alu4 77.20 81.07 20796 1544 0.987 0.963 1.004 1.000 0.922 0.925 1.053 1.002
diffeq 55.29 57.49 15560 1600 1.004 1.000 1.002 1.003 0.989 0.969 1.026 1.001
dsip 65.38 67.21 17237 1796 0.924 0.938 1.024 1.001 0.793 0.804 1.277 1.001
seq 76.93 77.82 28493 1826 0.939 0.969 1.011 1.002 0.870 0.885 1.048 1.003
apex2 94.61 95.47 30998 1919 1.000 1.000 1.000 1.000 0.811 0.838 1.120 1.010
s298 124.20 127.35 22762 1941 0.937 0.937 1.029 1.003 0.915 0.903 1.034 1.001
des 90.44 91.31 27415 2092 0.898 0.895 1.044 1.003 0.876 0.876 1.039 1.001
bigkey 59.69 60.65 21074 2133 1.000 1.000 1.000 1.000 0.855 0.892 1.190 1.000
frisc 119.02 124.61 61109 3692 1.007 0.997 1.007 1.001 0.999 0.983 1.018 1.001
spla 111.03 113.57 68308 3752 0.874 0.889 1.035 1.005 0.812 0.824 1.108 1.008
elliptic 105.96 108.50 47456 3849 0.926 0.934 1.040 1.003 0.853 0.838 1.030 1.001
ex1010 184.84 185.56 70300 4618 0.861 0.882 1.044 1.003 0.818 0.847 1.148 1.006
pdc 167.81 169.33 105073 4631 0.707 0.728 1.031 1.003 0.641 0.707 1.072 1.005
s38417 97.20 100.61 64490 6541 0.974 0.961 1.004 1.000 0.930 0.944 1.017 1.000
s38584.1 99.74 102.10 58869 6789 0.919 0.927 1.002 1.000 0.842 0.839 1.048 1.001
clma 211.78 217.24 145551 8527 0.926 0.915 1.021 1.003 0.746 0.745 1.053 1.005
average 0.925 0.927 1.020 1.003 0.858 0.869 1.084 1.004

routing is when FPGA has unbounded routing resources. It is argued in (42) that the former repre-

sents the situation how FPGA will be routed in practice and the latter is a good placement evaluation

metrics. For post-place-and-routeexperiments we present both low-stress(W ls) and in�nite-resource

(W 1 ) critical path delay numbers. Results for local replication and RT-Embedding are normalized to

VPR results.
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We are able to improve critical path delay over VPR for all circuits in the test suite. The best

delay reduction of 36% was achieved for circuit pdc. Averagedelay reduction is 14.2%,which almost

doubles the averagedelay improvement of the local replication algorithm. The largest improvement

over local replication is almost 19%for circuit apex2, for which local replication wasnot able to improve

critical path delay at all. Observe that wire-length degradation of our approach is 8.4% on average,

and averagenumber of newly intro duced cells by replication is only 0.4% of the total number of cells.

One may argue that the increasein wire length is not negligible. However, perhaps more important

than wire length is routabilit y and our designswere always successfullyrouted (this is most relevant

in the caseof W ls).

Runtime overheadof our approach is very modest { under 5% of the time of VPR 
o w (place and

route). Note that low-stress routing critical path delay is slightly worse that the casewith in�nite

routing resources.Degradation is consistent for all circuits in the test suites and also correlates with

low-stressrouting behavior conclusionsfrom (42).

4.2.8 Conclusions

We have presented a generaland robust approach to timing-driv en, placement-coupled replication.

Two items form the core of the approach. First we presented an e�cien t algorithm for optimal fanin

tree embedding under a general cost model. Secondwe proposed the replication tree for inducing

large sub-circuits which can be optimized by the embedder. The approach has a number of interesting

properties including implicit uni�cation of logically equivalent cells.

Around these core ideas we have built an optimization engine for the FPGA domain and demon-

strated very promising preliminary experimental results.
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Finally, we argue that the generalideasin this work hold great promisebeyond the context studied

here. We suggestthat the techniquescan provide useful bridges betweenplacement, routing and logic

(re-)synthesis. Further, the graph-basedmodeling of the placement target would seemideally suited to

many practical problems(e.g., placement in the context of heterogeneousFPGA routing architectures).

4.3 Addressing the E�ects of Recon vergence on Placemen t-Coupled Logic Replication

The approach presented here is similar in nature to Section 4.2 and (26). It is designedto address

issuesthat arise due to the reconvergence in the circuit speci�cation. We build on the Replication

Tree idea and modify the timing-driv en fanin tree embedding algorithm to optimize sub-critical paths.

We have built optimization engine for the FPGA domain and report promising preliminary results

including clock period reduction of up to 38% compared with a timing-driv en placement from VPR

(42) and up to 9% comparedto RT-Embedding replication algorithm from Section 4.2 and (26).

4.3.1 In tro duction and Background

In Section 4.2 we proposeda replication strategy that is more robust then (6) which su�ers from

limitations of local monotonicity. First, a fanin tree embedding algorithm is proposed. In this problem,

given the root of a fanin tree (e.g., a 
ip-
op), a tree circuit which producesits inputs and arrival times

at the inputs (leaves) of the tree, goal is to embed the tree so as to obtain a tradeo� between the

cost of the embedding and the arrival time at the root (sink) of the tree. Unfortunately, most circuits,

becauseof reconvergence,do not contain large sub-circuits which are fanin trees. To cope with this

problem, we proposedthe Replication Tree which givesa systematic way of taking a set of edgesin a
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circuit forming a directed tree (e.g., with the root being the input of a 
ip-
op), and, using replication,

induce a genuine fanin tree which can be optimized by the fanin tree embedder.

Part of the philosophy behind the replication tree is that by inducing fanin trees, very strong,

physically coupledalgorithms can be employed with guaranteesof optimalit y for the subproblembeing

solvedunder very generaland 
exible formulations. As a contrasting example,delay-optimal technology

mapping (31) can be solved e�cien tly if one is not concernedwith area/cost overhead. Of course, in

most practical situations we cannot ignore such fundamental designobjectives.

Although the approach in Section 4.2 and (26) was able to achieve larger improvement than (6)

in minimizing critical delay, a signi�cant number of circuits from the test suite have non-monotone

critical paths.

It this section we analyzee�ects causedby reconvergencein netlist speci�cation on the Replication

Tree construction. These e�ects prevent the fanin tree embedding algorithm to \straigh ten" some

paths. This particular problem is related to the way how replication tree handles reconvergencesin

circuit speci�cation, which occurs quite often in practice. While we still use the samereplication tree

construction algorithm we propose a new fanin tree embedding scheme which has more successin

addressingreconvergenceissuesby optimizing sub-critical paths. Sincethe optimization framework is

iterativ e in its nature, we optimize sub-critical paths hoping to create better optimization choicesfor

subsequent iterations of the 
o w.

Section 4.3.2 describes the problem causedby optimal cost/max-arriv al-time embedding of the

replication tree which is linked to netlist reconvergence.We intro duce modi�ed fanin tree embedding

approach that optimizes sub-critical paths in order to addressreconvergenceissuesin section 4.3.3.
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Figure 52. Example of reconvergencee�ect on the replication tree.

Section 4.3.4 gives a top-level 
o w of the approach. Experimental results are presented in Section

4.3.5. We discusspotential problems that are still present and concludein section 4.3.6.

4.3.2 E�ects of Recon vergence

Sincemost circuits do not have large fanin treesdue to reconvergence,in Section4.2.3we proposed

the Replication Tree which induces large fanin trees in a logically equivalent circuit.

It soundsnatural to use optimal cost/max-arriv al-time fanin tree embedding algorithm on repli-

cation tree (as in Section 4.2 and (26)). However, the optimalit y of the embedder createsa problem

when reconvergenceis present. Let us use and example to illustrate this issue. In Figure 52 on the

left we have an extracted critical sub-circuit. Inputs are nodes a, b and c. Internal nodes are d and

e and sink is node f . Nodes that are �xed are represented by squaresand movable/replicable nodes

are represented with circles. Let as assumethat nodes a, b and c have signal arrival time of zero.

Also let the arrival time at e be 2 units, and 3 units at sink f , while delay of the path from a to d

is one unit. The replication tree construction procedure applied to the net on the left will yield the
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replication tree shown in the middle of the Figure 52. Node d becomesreplicable dR , but since there

is a reconvergenceon node e we will have two nodes: movable/replicable eR and �xed node e, where

reconvergence\breaks". When we apply the optimal cost/max-arriv al-time tree embedding algorithm

to this replication tree the fastest solution with smallest cost will have internal nodesplacedat exactly

the samelocation as they originally were (on the left in Figure 52). Path from a to f is not critical.

Sincepath from e to f is monotone, it cannot be improved any further and initial signal arrival time at

e is set to 2 units, so arrival time at f will remain 3 units. The embedder is not going to over-optimize

sub-critical path that goes through node eR and this will yield minimum placement cost for node eR

and dR which is achievable by placing those nodeson top of d and e respectively. 1 However, solution

on the right of the Figure 52 has clearly better delay (i.e., all monotone paths) and potentially uses

lesswiring resources.

To addressthis problem we proposea modi�ed fanin tree embedding algorithm that allows over-

optimizing sub-critical paths.

4.3.3 Ov er-optimized Tree Em bedding

In the fanin tree embedding problem we are given a fanin tree, placement of leaves (inputs) and

root (sink), arrival times at the inputs and a target placement region (in our casethis is encoded in an

embedding graph). The goal is to place the internal tree nodes (gates) minimizing cost subject to an

arrival time constraint at the root (t ypically there is a tradeo� betweencost and arrival time).

1Note that there are somerare exceptionswhere savings in wiring resourcescould outweigh the replication
cost for eR and the path could be straightened, and then in subsequent iterations node e could be moved as well
and uni�ed with new location of eR , but a signi�cant amount of luck is required.
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To addressthe optimalit y issuepresented in Section4.3.2we proposea modi�cation to the embed-

ding problem formulation. The optimization criteria is to place internal tree nodes minimizing cost

subject to composite arrival time constraint at the root. Going back to the examplein the Figure 52, if

we could optimize delay of the second critic al path then the reconvergencecould be broken and in the

next iteration we could potentially optimize the remaining path of the critical net and achieve global

delay improvement.

Dynamic programming approach for fanin tree embedding in Section4.2.2is basedon 2-dimensional

variant of the tree embedding problem from Section 2.2.4. A candidate solution (embedding) for

a subtree rooted at node i in the tree with node i placed at vertex j in the embedding graph is

represented by its signature (c; t), indicating that this sub-solution incurs cost c and has latest arrival

time t at i . The variant is called 2-dimensionalsincesolution signature contains two parameters that

we are simultaneously optimizing (in this case,cost and max arrival time). In Chapter 2 one can �nd

a description for more complex 3-dimensional case,i.e., simultaneously optimizing three parameters.

However, top-level algorithms for 2D and 3D caseare almost the same and the major di�erence is

how someof the primitiv es are handled. Pseudo-code of tree embedding algorithm is shown again in

Figure 53. In our case,where we want to optimize cost, critical delay and chosenpath delay, it seems

that by simply using the 3D variant of the embedding tree algorithm would solve the problem. Using

3D embedding would certainly (and signi�cantly) a�ect the run-time of proposedapproach. Also it

would present signi�cant problem if we would to try optimizing additional 2 or 3 critical paths, since

we would have to increasenumber of dimension in the embedding algorithm which could yield higher

complexity.
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Subroutine: GenDijkstra( Ab; G)
Ab: Joined solutions; G: Target routing graph

d1 A  ;
d2 for each solution in Ab(v)
d3 Insert Ab(v) in to Queue
d4 endfor
d5 while Queue 6= ;
d6 v1  Top Queue
d7 if Solution (v1) is not suboptimal
d8 A(v1)  A(v1) [ Solution (v1)
d9 for each edge(v1; v2) adjacent to v1

d10 v2  Augmen t (v1; v2)
d11 Insert v2 in to Queue
d12 endfor
d13 endif
d14 endwhile
d15 return A
Subroutine: JoinTree(T; G)

T: Topology subtree; G: Target routing graph
c1 for each vertex v 2 G
c2 Ab[v]  Join (A:l ef t[v]; A:r ight [v])
c3 endfor
c4 A  GenDijkstra (Ab; G)
c5 return A
Subroutine: ComputeSubTree(T,G)

T: Topology subtree; G: Target routing graph
b1 if (leaf (T))
b2 A(T)  ComputeInitial (G; T)
b3 else
b4 A(T:lef t)  ComputeSubT ree(T:lef t; G)
b5 A(T:r ight)  ComputeSubT ree(T:r ight; G)
b6 A(T)  JoinT ree(T; G)
b7 endif
b8 return A(T)
Algorithm: TreeEmbedding(T; G; s)

T: Topology; G: Target routing graph
s: source node

a1 A(T)  ComputeSubT ree(T; G)
a2 F inal  Augmen tRo ot (A(T); s)
a3 return F inal

Figure 53. General Tree Embedding Algorithm.
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To better understand the proposed solution, let us describe di�erences between 2D and 3D al-

gorithm. The main di�erence is in determining the solution dominance property. Given a solution

signature, a solution is non-dominated if no other solution is superior in all dimensions. Any domi-

nated solution may be discarded. In 2D casethere is a total order of solutions due to this property,

while that is not the casein 3D variant. In Line d7 of the pseudo-code, in 2D case,if we keep solu-

tions sorted in the list, dominance test is trivial (check the tail of the list) and takes constant time.

However, 3D caseis more complex and balancedbinary search trees are neededfor e�cien t dominance

test. Another di�erence is in the implementation of J oin primitiv e in Line c2 which joins two sets of

sub-solutions. In 2D caseJ oin could be performed by linear traversal through sorted solution lists,

while in 3D casewe have to perform a crossproduct o� all sub-solutions in those sets.

In our case,solution signature is a triple (c; t; t2) (cost, critical delay and sub-critical delay). Observe

that sub-critical delay cannot be larger that critical delay. This meansthat we have a total order of

non-dominated solutions which means that we can use dominance test from 2D variant of the tree

embedding algorithm. Even more, we can extend the solution signature to include more sub-critical

path delays, aslong aswe keepthem in sorted order and treat delay aslexicographically orderedvalues.

In other words, if two solutions have the samecost and the samecritical delay, we will keep the one

which hasbetter sub-critical path delay. If there is more expensive solution with the samecritical delay

but has better sub-critical path delay we will keepit, instead of discarding it as it happens in Section

4.2. Unfortunately, for J oin primitiv e we have to perform a crossproduct.

With this framework in place,a natural choice for sub-critical path would be a secondmost critical

delay. As mentioned earlier, in the bottom-up DP procedure we must combine candidate solutions
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from subtreesto form new candidate solutions. At internal node i in the tree and vertex j in the graph

we join single sub-tree solutions as follows:

c = pi;j + c1 + c2 + ::: + ck

t = max(t1; t2; :::; tk )

t2 = max(f t1; t2; :::; tkg [ f t21; t22; :::; t2kg n f tg)

where k is the number of inputs for gate at i , and pi;j is placement cost. We will refer to this version

as Lex-2 (we have 2 lexicographically ordered delay values).

Having virtually no restrictions on number of sub-critical paths that we can over-optimize, we have

implemented Lex-3 , Lex-4 and Lex-5 in the similar fashion. Due to multiple reconvergencesin the

circuit description it is possible that many paths in the replication tree have exactly the samedelay

and more sub-critical paths are neededto resolve the deadlock. The single solution join for Lex-3 is

shown bellow:

c = pi;j + c1 + c2 + ::: + ck

t = max(t1; t2; :::; tk )

t2 = max(f t1; t2; :::; tkg [ f t21; t22; :::; t2kg n f tg)

t3 = max(f t1; t2; :::; tkg [ f t21; t22; :::; t2kg [

f t31; t32; :::; t3kg n f tg n f t2g):
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One other scheme of interest is to additionally optimize path from some speci�c input of the

replication tree. In the replication tree the actual inputs are identi�ed as leafs of the tree that have

zero signal arrival time (in this way we can distinguish them from the leaves that are created as

reconvergenceterminators). Among those inputs we can identify critic al input, as the onewith largest

downstream delay (which is easily obtained by performing static timing analysis). Solution signature

is (c; t; tc; w) where tc is delay from critical input, and w is a weight factor which is not included in

dominancetest. The weight factor is set to 1 for the critical branch and 0 otherwise. The join operation

for Lex-mc (max and critical) is as follows:

c = pi;j + c1 + c2 + ::: + ck

t = max(t1; t2; :::; tk )

tc = tc1 � w1 + tc2 � w2 + ::: + tck � wk

w = w1 + w2 + ::: + wk :

Going back to the example in the Figure 52, we are able to achieve solution on the far right by

applying the Lex-3 variant of the embedding algorithm. In the �rst iteration, paths from b and c to f

will get over-optimized in respect to dominating arrival time from e to f and we will obtain a solution

similar to the �gure in the middle. Then, in next iteration, since reconvergenceis \brok en", we will

optimize paths from b and c through e to f . Due to cost minimization e would most likely be placed

on top of eR and thus uni�ed with it, achieving con�guration on the right. Figure 54 shows how in two
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Figure 54. Example of applying Lex-3 version of the algorithm on the samesub-circuit in two
consecutive iterations. Sub-circuit on the left is transformed to the one in the middle by

over-optimizing sub-critical path and using replication. In the seconditeration replicated cells get
uni�ed and an optimal con�guration on the right is achieved.

consecutive iterations in the optimization 
o w, sub-circuit on the left can improve delay by applying

the Lex-3 version of the algorithm.

4.3.4 Optimization 
o w

The top-level view of how our optimizer relates to VPR (42) is similar to (6), (26) and Section 4.2:

VPR is invoked to give an initial placement; we optimize the placement by replication; we then give

the result to the VPR detailed router to accurately assessthe results.

As in Section4.2 the corereplication procedureis focusedon highly timing-critical sub-circuits and

thus, while the embedding algorithm is nontrivial, the runtime penalty for using such a sophisticated

algorithm is very small in the scope of the entire 
o w (this has beenveri�ed experimentally).

In each iteration of the replication loop we start with static timing analysis to identify the most

critical sink. We extract a Replication Tree with the critical sink at its root as in Section 4.2. Then
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we passthe tree to the new embedder which will produce a family of solutions that trade o� cost and

delays. After the embedding phasewe analyze circuit for possiblepost-processuni�cations, since it

is possible to have equivalent cells that are not exactly on top of each other, but closeenough that

unifying them would not harm timing. As a �nal step we invoke timing-driv en placement legalizer (as

in (28) and also explained in Section 4.2) to resolve any possiblecell overlaps that may have occurred.

4.3.5 Exp erimen ts

We have performed someinitial experiments to evaluate e�ectiv enessof proposedtechniques. The

experiments were conducted in a LINUX environment on a PC with an Intel PentiumM 1.3GHz CPU

and 256MB of RAM. The main criteria of interest are the maximum delay through the circuit (i.e.,

clock period), wire length and number of logic blocks. All such statistics are reported by the VPR

timing-driv en router. We compared the following versions of our approach: Lex-mc, Lex-2 , Lex-3 ,

Lex-4 , Lex-5 1 with Timing Driv en VPR (42) and the RT-Embedding replication algorithm from (26).

Table VI I shows the experimental results for 20 MCNC benchmark circuits. Due to spaceconstraints

we decidedto include complete results only for Lex-3 version. In Table VI I I we report averagevalues

for the sameset of 20 MCNC benchmark circuits for all comparedalgorithms (as in the bottom rows

in Table VI I). In addition we have divided circuits info small (< 3K cells) and large (� 3K cells)

basedon the number of LUTs they have. We present the averagenumbers for small and large group

as well. As mentioned earlier, we used timing driven VPR to place the circuits. Then we applied the

corresponding algorithm to optimize the placement and re-synthesizethe net-list. All placements were

1 In fact, we have implemented \Lex-N" versionof the algorithm, but for valuesof N above 5 we cannot claim
modest runtime overheadany longer.
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routed using VPR in timing driven mode. The circuits were placed on the minimum square FPGA

able to contain the circuit. As in (42) we usede�nition of low-stressrouting as routing where FPGA

has about 20% more routing resourcesavailable then the minimum required to successfullyroute the

circuit. Also from (42), in�nite-resource routing is when FPGA has unbounded routing resources. It

is argued in (42) that the former represents the situation how FPGA will be routed in practice and

the latter is a good placement evaluation metrics. For post-place-and-routeexperiments we present

both low-stress(W ls) and in�nite-resource (W 1 ) critical path delay numbers. Reported numbers are

normalized to VPR results.

From Table VI I I we can seethat Lex-3 hasthe best averagedelay improvement amongall proposed

algorithms. We also observed that the average improvement for larger circuits is better then for

smaller ones, which is encouraging since majorit y of circuits today belong to the large group. The

average improvement over RT-Embedding for large circuits is 4% of the initial (unoptimized) delay.

Indeed this may look as a small improvement, but it is averagedover 20 circuits and not all could be

equally improved. The best improvement is 9% for the circuit s38417, improved from 0.93 to 0.84 (see

Table VI I). For elliptic we have 7% improvement and about 6% for alu4 , dsip , seq and apex2.

It should be pointed out that for circuits misex3, diffeq , dsip , des, bigkey and s38584.1 we have

reached theoretical lower bound, i.e., all 
ip-
op to 
ip-
op paths are monotone (assuming �xed 
ip-


op locations). Furthermore, most of the circuits in this test suite have very high density, all but 3

of them have density above 95% and 6 of them above 99%. For circuits ex5p, apex4, seq, spla and

ex1010 we ran out of free slots for replication and thus had to terminate early (for someof them we

were able to replicate under 1% of the total number of cells).
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TABLE VI I

COMPARISON BETWEEN TIMING-DRIVEN VPR, RT-EMBEDDING AND LEX-3

Circuit Timing Driv en VPR RT-Em bedding Lex-3
normalized to VPR normalized to VPR

crit path [ns] wire crit path wire crit path wire
W 1 W ls length blk W 1 W ls length blk W 1 W ls length blk

ex5p 80.59 81.99 20020 1135 0.764 0.774 1.090 1.011 0.764 0.783 1.110 1.019
tseng 50.54 53.65 10495 1221 0.987 0.978 1.060 1.002 0.970 0.933 1.068 1.010
apex4 72.12 75.41 22332 1290 0.888 0.913 1.107 1.011 0.854 0.871 1.193 1.024
misex3 64.44 65.87 21784 1425 0.852 0.891 1.148 1.010 0.835 0.872 1.273 1.021
alu4 77.20 81.07 20796 1544 0.922 0.925 1.053 1.002 0.860 0.945 1.197 1.013
diffeq 55.29 57.49 15560 1600 0.989 0.969 1.026 1.001 0.999 0.990 1.020 1.002
dsip 65.38 67.21 17237 1796 0.793 0.804 1.277 1.001 0.731 0.822 1.559 1.001
seq 76.93 77.82 28493 1826 0.870 0.885 1.048 1.003 0.818 0.859 1.100 1.008
apex2 94.61 95.47 30998 1919 0.811 0.838 1.120 1.010 0.755 0.799 1.262 1.016
s298 124.20 127.35 22762 1941 0.915 0.903 1.034 1.001 0.875 0.899 1.066 1.002
des 90.44 91.31 27415 2092 0.876 0.876 1.039 1.001 0.876 0.886 1.043 1.002
bigkey 59.69 60.65 21074 2133 0.855 0.892 1.190 1.000 0.801 0.901 1.328 1.000
frisc 119.02 124.61 61109 3692 0.999 0.983 1.018 1.001 0.958 0.917 1.069 1.007
spla 111.03 113.57 68308 3752 0.812 0.824 1.108 1.008 0.793 0.829 1.164 1.008
elliptic 105.96 108.50 47456 3849 0.853 0.838 1.030 1.001 0.780 0.792 1.132 1.009
ex1010 184.84 185.56 70300 4618 0.818 0.847 1.148 1.006 0.795 0.821 1.144 1.006
pdc 167.81 169.33 105073 4631 0.641 0.707 1.072 1.005 0.624 0.690 1.142 1.009
s38417 97.20 100.61 64490 6541 0.930 0.944 1.017 1.000 0.840 0.888 1.069 1.009
s38584.1 99.74 102.10 58869 6789 0.842 0.839 1.048 1.001 0.819 0.845 1.115 1.000
clma 211.78 217.24 145551 8527 0.746 0.745 1.053 1.005 0.708 0.707 1.100 1.006
average 0.858 0.869 1.084 1.004 0.823 0.853 1.158 1.009
average for small ckts (< 3K cells) 0.877 0.887 1.099 1.004 0.845 0.880 1.185 1.010
average for large ckts ( � 3K cells) 0.830 0.841 1.062 1.003 0.790 0.811 1.117 1.007
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TABLE VI I I

COMPARISON OF AVERA GE IMPR OVEMENTS (RT-EMBEDDING, LEX-MC, LEX-2, LEX-3,
LEX-4 AND LEX-5)

Algorithm Average Average for small ckts Average for large ckts
normalized to VPR normalized to VPR normalized to VPR

crit path wire crit path wire crit path wire
W 1 W ls length blk W 1 W ls length blk W 1 W ls length blk

RT-Embedding 0.858 0.869 1.084 1.004 0.877 0.887 1.099 1.004 0.830 0.841 1.062 1.003
Lex-mc 0.841 0.925 1.168 1.013 0.852 0.951 1.197 1.014 0.824 0.886 1.124 1.010
Lex-2 0.827 0.869 1.157 1.008 0.850 0.889 1.185 1.010 0.794 0.838 1.114 1.006
Lex-3 0.823 0.853 1.158 1.009 0.845 0.880 1.185 1.010 0.790 0.811 1.117 1.007
Lex-4 0.825 0.857 1.152 1.008 0.848 0.889 1.175 1.009 0.790 0.809 1.117 1.006
Lex-5 0.827 0.869 1.150 1.008 0.849 0.901 1.168 1.008 0.795 0.823 1.124 1.008

The best improvement over VPR is almost 38% for circuit pdc, and we have 9 circuits with im-

provement larger than 20%. Amount of cells intro duced by replication is on the averageonly 0.9% of

the total number of cells. However, usageof wiring resourcesincreasedto 15.8%on the averagecom-

pared to 8.4% increaseof RT-Embedding approach. It looks a bit surprising that such small amount

of replication can yield wiring overhead of this magnitude. Since our assumption was that we are

optimizing circuits of high cell density, post-processuni�cation was designedto be very aggressive in

attempts to unify replicated cellsaslong asthey do not violate current critical delay, hoping to clean-up

intermediate replications as much as possible(Section 4.2.6.3presents somestatistics on uni�cation).

The biggest wiring overhead is almost 56% for circuit dsip . It turns out that cell density of dsip is

only 47%, and it is not congestedat all. Similarly bigkey has secondlargeswiring overheadof almost

33% and it's density is also low, only 58.5%. This suggeststhat we have to revisit uni�cation strategy

for circuits of smaller cell density.
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Figure 55. Averageimprovement for all 20 MCNC benchmark circuits.

Runtime overheadof our approach is very modest { under 5% of the time of VPR 
o w (place and

route) and comparableto RT-Embedding.

In Figure 55, Figure 56 and Figure 57 we have plotted valuesfrom Table Table VI I I. On X-axis we

have algorithm variant, and on Y-axis we have scalenormalized to VPR results. It can be seenthat

all over-optimization approacheshave similar max delay improvements and similar problemsrelated to

wiring resources.The exception is Lex-mc which developed local wiring congestionwhich can be seen

from increaseddelay of low-stressrouting.

4.3.6 Discussion and Conclusions

We have shown that the reconvergencein circuit description presents an obstaclefor further timing

optimization by approach presented in (26). Our proposedapproach of optimizing sub-critical paths

doesseemto addressthe reconvergenceissue,but still needsfurther improvements.
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Figure 56. Averageimprovement for small circuits.
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The issueof most concernis the potential overuseof wiring resources.Webelieve that the aggressive

uni�cation strategy createsexcessive wire usageproblems, which may lead to routing problems and

degradation of circuit performancedue to routing congestion(i.e., routes needto take detours around

congestedregionsthus increasing interconnect delay).

The tree embeddingalgorithm itself canbeusedto better addressthe routing issue,sincein a certain

extent it does perform global routing. We could run the actual routing algorithm on unoptimized

circuit. Then use the actual channel occupancy to assignwire costs in the embedding graph which is

then usedby the tree embedder. In this way embedder is biasedto place cells in regionswith smaller

wire utilization.

Another anomaly that we have observed is that somereplication trees are constructed from sub-

circuits that do not reconverge. In those cases,optimizing sub-critical paths seemsunnecessary. This

may explain why Lex-5 which perform more powerful optimization does worse than Lex-3 on the

average, since it may over-optimize too many sub-critical paths that turned out to really be non-

critical, thus consuming more free cell spaceand routing resources. A possiblesolution would be to

invoke di�eren t versionsof the tree embedding algorithm basedon the amount of reconvergencethat

we encounter while constructing the replication tree.



5. CONCLUSIONS AND FUTURE W ORK

We presented universal encoding schemesfor interconnect synthesis and an optimization engine

based on said schemes. The fundamental problem addressedis that of bu�er tree synthesis in the

presenceof a variety of real-world issues.The contributions of the work lie in both the genericencoding

of topology and embeddingspacesand the generality and robustnessof the underlying engineoptimizing

within those spaces. It is shown that a number of well-known algorithms can be described in this

framework. When one considersthe di�cult y and involvement in implementing someof the published

algorithm (lik e P-Tree), by separating solution spacecoveragefrom core optimization we also provide

a tool for fast protot yping of new topology spaceheuristics.

The method presented above was initially designedfor timing optimizations with an ultimate goal

of clock cycle reduction. In somecases,power consumption and/or designdensity present more serious

obstacles. The generality of the above approach and underlying graph target are suitable for almost

arbitrary cost functions and optimization objectives. Research could be extended to focus on how we

can utilize above techniquesfor optimizing power consumption and overall designdensity management.

In Chapter 4 we have intro duced the Replication Tree and presented an optimization enginefor the

FPGA domain which is built on the U-Tree framework. We suggestthat the proposedtechniques can

provide useful bridges between placement, routing and logic (re-)synthesis. Further, the graph-based

modeling of the placement target would seemideally suited to many practical problems(e.g., power and

designdensity management or placement in the context of heterogeneousFPGA routing architectures).
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Our goal is not to replaceall existing technology. We intend to develop optimizations which target

key areasof interaction betweendesignphaseswhile maintaining tractabilit y and predictable behavior.

We believe that this kind of \targeted" approach is the most likely to yield practical advancesin the

�eld.

It seemsplausible that similar framework could beextendedto ASIC domain. In this casestructured

nature of FPGA designscannot be assumedand we have to apply more generaldelay and embedding

target models. The FPGA optimization packagecould be adapted to utilize techniques presented for

fan-out tree optimization (with somemodi�cations) and apply them for fan-in tree optimizations with

simultaneous bu�er insertion in ASIC domain.

Work can also be extended to study if the above techniques could be applied not just to trees but

to someother non-tree structures. For example directed acyclic graphs do have underlying structure

which is suitable for universal tree embedding algorithm (U-Tree). However, the exponential behavior

is observed in post-processsolution extraction phase. Fortunately, for tree structures, this post-process

solution extraction has signi�cantly smaller computational complexity. We intend to study if this

exponential behavior on DAGs can be reduced within acceptable margins and also study potential

heuristics that could diminish exponential behavior in the solution extraction phase.

Finally, we can extend the work to a method that would allow simultaneous technology mapping

by utilizing the previous set of algorithms. Observe that in fan-in tree embedding problem, topology

spaceis always a tree, as opposedto S-Tree and SP-Tree solution spacewhich has to be represented

by acyclic hypergraph. In regular two phase optimization we would �rst run technology mapping

algorithm and then passthat topology tree structure to the embedder. However, the tree traversal of
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a simple recursive technology mapping algorithm can be represented by directed acyclic hypergraph,

which is compatible with the U-Treeengineand its topology spacerepresentation. Having this, we can

usemodi�ed technology mapping algorithm to construct topology spacehypergraph and then usethe

U-Tree enginemodi�ed for fan-in trees to solve the problem with combined objectives.
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