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SUMMAR Y

In this dissertation, tree optimization and synthesis algorithms are studied in the context of auto-
mated design of integrated circuits. It is shavn how thesetechniquescan be employed in interconnect
optimization, synthesis and bu ering while consideringthe following issues:routing and bu er block-
ages,minimization of interconnectand bu er costs,congestion,exploitation of temporal locality among
the sinks and addressingsink polarity requiremerts. A universal tree synthesis algorithm (U-Tree) is
preseried and it is demonstrated how to implemert other algorithms (P-Tree, S-Tree, SP-Tree) using
this ow.

Then a set of techniques for placemen-coupled, timing-driv en logic replication is preserted. Two
componerts are at the core of the approad. First is an algorithm for optimal timing-driv en fanin tree
embedding derived from the U-Tree framework. The algorithm is very generalin that it can easily
incorporate complex objective functions (e.g., placemen costs) and can perform embedding on any
graph-basedtarget. Secondwe introduce the Replication Tree which allows us to induce large fanin
treesfrom a given circuit which canthen be optimized by the embedder. We have built an optimization
engine around thesetwo ideasand report promising results for the FPGA domain.

Somebasic ideas, trends and badkground material are introducedin Chapter 1. Then it is shavn
how to model routing and embedding region (i.e. placemern target) using general graph model. It
is argued that generality and exibilit y of graph model is very important for the applications of pre-
serted algorithms when one considersconstart changesin technology speci cations and optimization

objectives. A presernation of the cortributions of this dissertation follows.
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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 preseried. Although some
of the presenied techniques are known and well established, they are included in the presenation
for purposesof completeness. These techniques constitute a necessarybadkground material which
enablespreseried cortributions. Then a mazerouting algorithm is generalizedto timing-driv en maze
routing. Generalizationsinclude delay optimization by bu er insertion and conclude with cost aware
timing driven mazerouting 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). Presenied 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 enbed treesthat connect, for example,
to a bus is discussed.

Chapter 3 presens 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 preseried and it is showvn how it can be utilized in timing-driv en and
cost aware timing-driv en mode. Implementation of the P-Tree algorithm using this ow is preserned
and new tree syrnthesis algorithms (S-Tree and SP-Tree) are introduced. 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 polarity requiremerts, ability to handle relatively high fanout nets, cost/p erformance trade-o s

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

Xiv



SUMMARY (Continued)

Similarities betweenfanout and fanin tree embedding problems are shown in Chapter 4 and a solu-
tion for fanin tree embedding is proposed. As an examplea tool for timing optimization of FPGAs by
placemen-coupled logic replication is preseried. A replication tree is introduced 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 recorvergences
in netlist speci cation are studied and a fanin tree embedding algorithm that over-optimizessub-critical
paths is proposedto addresstheseissues.

Finally, conclusionand somedirections for future work are preserned in Chapter 5.

XV



1. INTR ODUCTION

Tednology of integrated circuits (IC) has ewlved from the integration of a few transistors in the
1960sto the integration of millions of transistors in Very Large Sale Integration (VLSI) chips in use
today. Automated techniquesare a necessarycomponert required by di erent stepsin the designand
manufacturing. Due to the large number of individual componerts that needto be consideredduring
the designof an IC in VLSI technology, the processbecomesmpractical without useof computersand
automation. Almost all phasesof automated designuse Computer Aided Design (CAD) tools.

The needfor large number of CAD tools signi cantly in uenced the growth of the whole new area
known asVLSI Design Automation. It's focuseis on researd and developmen of algorithms and data
structures related to the processof fabricating integrated circuits. ! According to (47) VLSI design
cycle could be divided into following steps: systemspeci ¢ ation, architectural design functional design
logic design circuit design physial design fabrication and packing and testing.

In this work we have our focus mostly on physial designwith brief excursionsinto circuit design
phase. Physical design phaseitself is large and it comprisesof the following componerts: partition-
ing, o orplanning and placement, routing, compaction and extraction and veri ¢ ation. One may argue
that due to problem complexity and sizes,these optimization stepsshould be invoked independerily.
Howewver, combining some of 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 cortrol of digital computers,” while VLSI Design Automation relates only to the processof fabricating
integrated circuits.



circuit for combined optimization one may save on cost and gain on performancewithout introducing
a large computational overhead. Having this in mind, the work starts with enhancemets of existing
algorithms and intro ducessome novel approadesin the routing phase. Then we cortinue onto com-
bining optimizations with placementthrough simultaneous routing and gate placemen. The universal
solution spaceencading stchemesthat we are proposing and solver that we have implemented basedon

said schemesallow this exibilit .

1.1 Overview and Background

It has been widely recognizedthat interconnects are dominating factor for modern VLSI circuit
designs.In somecasest can cortribute to morethan 50%o0f the delay. This trend is aresult of increased
resistance of the interconnect when feature sizesernter 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 ableto handle non-uniform environment. Optimization commonly used
to improve interconnect performanceis bu er insertion. Cong (10) speculatesthat closeto 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 intrablo ck communications for
65 nanometer node.

Early works on bu er insertion are mostly focusedon improving interconnecttiming performance.
The most in uential 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-



ing simultaneous wire sizing, and intro ducing slew baseddelay models, while also considering power
consumption.

The major weaknessof the van Ginneken's approad is that it requiresa xed and embeddedtree
which hasto be provided in advance. This constraint makesthe nal bu er solution quality dependert
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 addressthis problem, two dierent
approacesemerged.

Sewral works propose a two-stage sequetiial method where a \bu er-a ware" tree is constructed
rst, followed by van Ginneken's bu er insertion asin (1), (2), (3), (4). Thesetechniques claim small
executiontime but sacri ce solution quality and predictabilit y.

A more robust and predictable approac proposessimultaneoustree 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 approadtesare heuristic in nature, the P-
Treeintroduceda paradigm of nding an optimal solution in constrained space,asopposedto applying
ad hoc heuristics. If the seart spacesare carefully constructed, nding high quality solutions becomes
possible.

Recer trends toward hierarchical chip designand system-on-dip 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 sewrely 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 specied constraints), they are



applicable only to two pin nets. Under blockage constraints, two-stageapproades(or even three-stage
with tree construction, blockagere-routing followed by bu ering (5)) su er even more in predictabilit y
and introduce 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 erent optimization objectivesas shavn 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 ective
optimization of one or more designobjectives. The idea has beenapplied in seweral di erent contexts
including min-cut partitioning (e.g., (40) (41)) and fanout tree optimization (e.g., (36) (49)).

Recerly 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 obsened
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 otherwise have been
very circuitous (and therefore high delay).

Finally, the choiceof circuits usedfor logic represeration and netlist construction may limit further
optimization. It is possible to attack this problem by simultaneously optimizing all of the above

objectivesand re-syrthesize netlists.

1.2 General Graph Mo del

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

classicresult in the theory of Rectilinear Steiner Minimum 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 n? points formed by the intersection of horizontal and vertical lines drawn through
the n terminals. An example of 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 requiremerts, constraints and objectivesis 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 verticesV and a set

of edgesE. To each vertex v 2 V we assaiate a bu er insertion candidate location with attributes



describinginsertion feasibility and cost metrics. To each edgee 2 E we assaiate a wire seggment 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 requiremerts and constraints. Here

are someof the examples:

Routing and Buer Blo ckages: After constructing a Hanan grid, we remove all vertices (and
edgesadjacert to them) which are covered by routing blockages. Then we include additional
grid lines which are adjacert 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 candidatesfor branch points (Figure 2). Routing blockagesthat are not
of rectangular shape can be represerted as a union of rectangular shaped blockages. Another
type of blockageis bu er blockage,{ i.e. regionin 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 prevert 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 represen vias
to connectthem. Via edgeswill include additional via cost, via capacitanceand resistanceand

other via attributes required by the optimization objectives. An exampleis given in Figure 3.
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Figure 4. Example of a Routing Target Graph that considerswire sizing.

Wire Sizing: The resistanceof a minimum-width wire segmenm can be large enoughthat widen-
ing somewire segmeltts can reduce delay. Optimization techniquesby 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 dierent characteristics provide

alternate routs betweenverticesin Figure 4.

Placemen t Porosit y: Recerly, someworks are addressingbu ering and routing while paying
attention to designdensity managemen asin (2). Assumption is that instead zero/one decision
for bu er placemen (aswith bu er blockages),someregionsare \b etter" and someare \w orse"
for buer placemen. An example of porosity map is shown in Figure 5. To addressthese

optimization requiremerts, one can use porosity map to guide routing graph construction.



Figure 5. Example of a placemert porosity map.
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Arbitrary  FPGA architecture: In Chapter 4 a tool for timing optimizations by placemen-
coupled logic replication is preseried. The e ectiv enessof the tool is showvn for the FPGA
domain. FPGA manufacturers constartly introduce new speci cs into the architecture which are
very important from performance point of view. A robust tool is supposedto be able to model
all existing architectures and also be able to adapt to frequert changesand introduction of new

speci cs. A generalgraph model is a natural choice for represenation of sud 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 example multiple layerswith blockages

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

1.3 Contributions

First we introduce some of the known techniquesin routing and present some of our algorithmic
enhancemers. Some of the addressedtechniques include maze routing, bu er insertion, 2-pin opti-
mization problemand timing-driv en variants of those. We shav how these techniques can be coupled
together and usedas building blocks for tree-taseal optimization.

Then, we preser universalencading schemesfor interconnect synthesis and an optimization engine
basedon said stchemes. We intend to usethis general solver to addressthe fundamental problem of
bu er tree synthesisin the presenceof a variety of real-world issues. Among the cortributions is an
encaling of topological spacesbasedon a directed acyclic hyper-graph. This encaling (aswell encaling
of the embedding space)is taken as input to a universal solver dubbed U-Tree. It is arguedthat such

a framework which separatessolution spacecoveragefrom core optimization is of signi cant value to
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both researders and practitioners in the eld. It is shavn 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 package which
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 polarity requiremerts. Experimental results demonstrate the e ectiv enessof the tool
in comparisonwith previously proposedtechniques.

Then a set of techniques for placemen-coupled, timing-driv en logic replication is presernted. Two
componerts are at the core of the approad. First is an algorithm for optimal timing-driv en fanin tree
embedding derived from the U-Tree framework. The algorithm is very generalin that it can easily
incorporate complex objective functions (e.g., placemen costs) and can perform embedding on any
graph-basedtarget. Secondwe introduce the Replication Tree which allows us to induce large fanin
treesfrom a given circuit which canthen 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 recorvergencesn netlist speci cation are studied and a fanin tree embedding

algorithm that over-optimizes sub-critical paths is proposedto addresstheseissues.



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 preseried. Although some
of the presenied techniques are known and well established, they are included in the presenation
for purposesof completeness. These techniques constitute a necessarybadkground material which
enablespreseried cortributions. Then a mazerouting algorithm is generalizedto timing-driv en maze
routing. Generalizationsinclude delay optimization by bu er insertion and conclude with cost aware
timing driven mazerouting 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 enbed treesthat connect,for example,

to a bus is discussed.

2.1  Optimizing Two 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 caseswe presert this problem and somestandard approachesfor completenesgurposes.First, we

preseri simple mazerouting algorithm. Then we presen 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 variant)

Someof the earliest applications of mazerouting to designautomation areainclude works of Moore
(43) and Lee (33). In the mazerouting problem, we are given a sourcepin, target pin and a routing
graph. Goal is to nd shortest path from sourcepin 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 asinput
a weighted graph, G = (V; E), and distinguished verticess and t, nd the shortest weighted path from
stotin 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 betweentwo pins of minimal
wire length. In this casewe canrepresen intermediate solution by its signature, which would represen
accunulated wire length (I). We call this variant of the algorithm 1-dimensional sincewe are optimizing
only one parameter, which is wire length in this case.Also, solution signature has only one parameter.
At this point we can introduce the solution dominance property. We say that one solution dominates

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

dl. A ;

d2  while Queueé ;

d3 vi  Top Queue

d4 if Solution (v1) is not dominated

d5 A(vi)  A(vi) [ Solution (vq)

dé for eat edge(vy;Vv,) adjacert to v,

d7 Vo Augmen t(vi;Va)

d8 Insert v, into Queue

d9 endfor

d10 endif

d1l endwhile

d1l2 return A

Figure 6. GeneralizedDijkstra's shortest path algorithm.

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

solution (l1). We write this (11)  (12).

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 presen a slightly generalizedversion of Dijkstra's shortest path algorithm. The
inputs to the algorithm are initial solution (or solutions) already inserted into a priority 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 adjacert edgesand insert them into the queue. Algorithm
cortinues 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 decrease key
operation is performed. Also if permanert solution already exists, new candidate will never be inserted
into the queuesinceit is clearly dominated. Theseassumptionsare correct for the \1-dimensional" case,
but we cannot make those assumptionsin 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 badktracking in order to extract the actual route.

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

The overall performanceof digital systemis governed by the system clock period. Clock period is
determined by the longestdelay of signal paths (i.e. interconnect and gate delay on those paths). In
recert designs,interconnect delay dominates gate delay. Thus, in contrast to mazerouting in Section
2.1.1whereany of the shortestwiring connectionswould su ce, it becomesmportant to considerdelay
aswell. Additionally , resourceusagealso becomesimportant, soone needsto considerboth delay and
cost of the path. This reasoning becomesmore clear in the scenario where multiple routing layers
are available with dierent electrical characteristics. Routing in di erent layers yields solutions with
dierent delays and di erent 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 alsoit will increasesolution cost.

Given the above, it becomesclear that timing driven mazerouting 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 mazerouting problem we are given a routing graph, sourceand destination. Goal isto nd a
family of paths that trade o cost and delay.
Before we cortin ue, we have to describe wire delay model that is usedfor the purposeof algorithm

preseriation.

2.1.2.1 Delay 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 accuracyis paramournt. On the other hand,
if runtime is limiting factor and accuracycan be sacri ced, simpler models are preferred. ElImore 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 cortribute
to this error in delay estimation for RC trees are inabilit y to accourt 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 errorsin determining sink criticalit y. On the other hand, it is arguedin (8) that delays
estimated by Elmore model have high degreeof delit y. Among dierent solutions, one chosen by
Elmore delay asoptimal is very close(if not the same)asthe true optimal solution. Also, Elmore delay
is easyto compute and more importantly has the additive property (i.e. sum of estimated delays of
connectedwire segmetts is the sameas the estimated delay of the ertire path), which is suitable for
recursive algorithmic decomposition.

Algorithms presered adopt the Elmore delay model. However, the framework is exible and enables
the use of di erent 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.

Giventhe wire segmen of length | and width w, technology dependert parameters and we can

compute wire area capacitanceand wire resistanceas follows:

Then, under Elmore delay model, we estimate the delay of wire segmen (u;v) as:
Cu
duy = ruv(7v + C(V))
where ry is the resistanceof the wire segmem, c,, is the area capacitanceof the wire segmen 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

showv how we can trade-o routing cost and delay. As a measureof routing cost we can usewire area,
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TABLE |

TECHNOLOGY PARAMETERS FOR 0:18M NODE

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

Intrinsic Bu er Delay 36.4 ps
Bu er Input Capacitance 23.4fF
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. Tecdnology parametersthat we usein the
examplerepresen 0.18 m technology. They are obtained from (13) (also shavn in Table I).

In Figure 8 we have two wiring connections,A and B. Assumethat wire length is 1cm and that
signal ows from left to right. Wire A hasuniform unit width. Wire B hasdouble unit width for the
rst quarter of its length, and for remaining three quarters it has unit width. Using EImore 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 areathan the slowver 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, goalis to nd a path from s to t such that estimated delay of the path under ElImore
delay model is minimized, while minimizing total wire capacitance.

From the formulation it is clearthat in generalcaseit is not always possibleto have onesolution 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
signaturein this caseis a pair (c;d), wherec represers downstream capacitanceand g represens current
signalrequired arrival time (or slack). Both parametersare necessaryfor delay estimation under Elmore
delay model. Additionally , ¢ can also sere as a cost parameter, since we are measuring cost in terms
of wire areain 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 augment operation for Elmore delay model
accordingto formulasin Section2.1.2.1. In line d4 we have to modify solution dominancetest which is
slightly di erent for two parameter solution signature. The following is a solution dominancede nition

from (27):

De nition 3 A solution (c® g9 is dominated if it is inferior compared to some other already known

solution (c;q). If (c< Pandq o3 or (c= c®and g< g solution (c® ) is inferior. We write this
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(c;q) (c®q). If c= c®and q= g° we can still disregard one of the solutions since they are equivalent

from the delay and cost point of view.

One other maodi cation to the algorithm from Figure 6 is that instead of a single permanen label
at ead 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 permanert 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. Whenewer
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 expansionaslong as we have candidate solutions in the queue. Oncethe queue
becomesempty we stop. At the sourcevertex we will have a family of non-dominated solutions. In
addition, we canaugmert nal solution list by the additional delay induced by the driver (which in load
dependert). After choosing desiredsolution (usually the cheapest that is meeting timing constraints)

we badktrack 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, asin (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 boundedby a constart. In most VLSI applica-

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

Theseassumptionsseemijusti able from the practical point of view. The following analysis, includ-
ing lemmasand proofs, is also adopted from (27) and (9). Let us rst analyzethe sizeof the list with

permanert labelsfor 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 numker of possible capacitive valuesU. We can compute U as the sum

P
of capacitive lakels for all edgesU = ¢ Ce.
Now we can bound the size of the priority queueQ.

Lemma 5 Since each vertex v in the routing graph G has constant number of outgoing edges, each
memler of A(v) can introduce only a constant number of candidates into queueQ. Given this, we
can bound queuesizeto jQj = O(U jVj). Number of queueinsertions (and deletions) is then also

proportional to O(U jVj) since all queuememlers are derived from permanent labels of someA(v).

From these obsenations we can compute to worst casebound on the runtime.
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Theorem 6 The run time bound on descriked timing driven mazerouting algorithm is O(U jVjlog(U
Vi)

Pro of Runtime is dominated by number of enqueuesand number of dequeuesand dominance tests
for eath dequeuedcandidate. Number of queueoperations is bounded by O(U jVj). Time to perform
gueueoperation is O(log(U jVj)). Dominancetest is a constart time operation. This givesa complexity

bound of O(U jVj(log(U jVj)+ 1)) = O(U jVjlog(U jVj)). [

This gives a pseudo-wlynomial bound on the run time complexity (i.e. run time is not only a
function of the size of the routing graph, but also of the capacitive valuesthat we usedto label edges
in the graph). In practice, the running time is in most casesmuch smaller than this bound, sincesizes

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

2.1.3 Timing Driv en Maze Routing with Buer Insertion

Optimization commonly usedto improve interconnect performanceis bu er insertion. Someof the
early worksin 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 approades, bu ering occurred before the
physical layout was known. The other approad includes early works of Dhar (14) and van Ginneken
(17), where bu ers were inserted to optimize post placemen paths.

It hasbeenshown that the overall improvemens in solution quality can be adchieved by not viewing
the interconnect synthesis as a two phase process(routing construction followed by bu er insertion)
but as a simultaneous approach. Some of the works that emphasizesimultaneous approad are (27)

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

Figure 9. Buer model: ci is input capacitance,ro is output resistance,co is output capacitance.

2.1.3.1 Delay Mo del for Buers

In a fashion similar to delay estimation in Section2.1.2.1,we assumea bu er delay model which is
easyto compute and is reasonablyaccurate. In practice, bu ers in cell libraries are usually speci ed
by three parameters: input capacitancec;, intrinsic bu er delay dy, and output resistancer,. Then we
can estimate bu er delay as

d=dy+ro C.

wherec, 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 usethis one for purposes

of algorithmic description.

2.1.3.2 Example

Using the sametechnology parametersfrom Table | we give an example of timing optimization by
bu er insertion. In Figure 10 we have two wiring connections, A and B. Assumethat wire length

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

>

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

wire B

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 ow we can extend the routing graph
with bu ering information. For ead bu er in the bu er library we can insert a selfloop edgeon eac
vertex in the routing graph for which inserting that particular bu er is a feasibleoption. This approacd
was preserted in (30) and caninclude more complexrelations betweenbu ers, such asbu er cascading.
Then we can proceedwith the algorithm similar to (27) and to one preserted in Section2.1.2.

Another approac would be to label eadt vertex in the graph with bu er insertion feasibility and
then isolate the generation of bu ered candidatesin the algorithm itself. This approad is showvn in
Figure 11, which also allows implicit bu er cascading.

Under Elmore delay model it is still sucient to have only ¢ (downstream load) and q (required
arrival time) in a solution signature. Final solutions will have optimal sladk, howewer, 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
dl A ;
d2  while Queueé ;
d3 vi  Top Queue
d4 if Solution (vi1) is not dominated
d5 A(vi)  A(vy) [ Solution (v1)
dé for eat edge(vy;Vv,) adjacert to v,
d7 Vo, Augmen t(vq;Va)
ds Insert v, into Queue
do endfor
dio for ead feasibleBu er bin library B
di1 v Augmen t(vi; b
di2 Insert v into Queue
d13 endfor
di4 endif
d15 endwhile
dil6 return A

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

only that bu er input capacitanceand the downstream path is decoupled. Due to this non-monotonicity
in the behavior of downstream load, we needto reorder (c;q) pair as(g; ). To maintain constart time
complexity for verifying solution dominancewe have to reorder priorit y queuesothat it is ordered by
g rst and then by c. Monotonicity for q is still satis ed since no matter what we do, insert bu er or
traverse an edge, we will always introduce somedelay. As opposedto that, downstream load c gets
resetedwheneer we insert a bu er.

For speeduppurposeswe can have an additional test for solution dominancejust beforewe insert a
candidate solution into priority 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,sowe can save one queueinsertion and also

keepthe queuesmaller. Sincedominancetest in constart time operation and queueinsertion/deletion is
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O(log Sj) where|Sj is sizeof the queue,it getsabsorbed in overall complexity analysis. From practical

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

2.1.3.4 Handling Buers and Inverters

In (39), Lillis et al. extendedthe original bu er insertion method by using a bu er library which
includesinverting and non-inverting bu ers. The main ideais to keeptwo separatedata structures for
nal solutions, where one cortains candidateswith positive signal polarity and the other with inverted
signal polarity. It is still sucient to have only one priority queue, howewer, solution candidates
in the queue need additional signal polarity information. This polarity 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 samepolarity requiremenrs. Pseudo-cale is shown in

Figure 12.

214 Cost Aw are Timing Driv en Maze Routing with Buering (3D variant)

While algorithms preseried in previous sectionsfocus on the one-netproblem, a real CAD system's
objective is to drive an ertire designto 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 costincurred. Further, when one considers
that recen estimatesindicate that, in the nearfuture, perhapsmore than 700K bu ers will be required
simply to bu er global or near-globalinterconnects(10), it becomesclear that the over-useof bu ering

(and routing) resourceswill have dramatic consequences.



Subroutine:  GenDijkstra( Queue;G)
Queue Initial solutions; G: Target routing graph; B: Bu er library
da A ;
d2  while Queueét ;
d3 vi  Top Queue
d4 s Polarit y(v1)
d5 if Solution (vq;s) is not dominated
deé A(v1;s)  A(vy;s)[ Solution (vi;s)
d7 for ead edge(vi;Vvy) adjacert to v;
ds Vo Augmen t(vy;Vs)
do Insert (v2;s) into Queue
d1o0 endfor
di1 for eat feasibleBu er bin library B
di2 v Augmen t(vy;b)
di3 if Inverter (b)
di4 Insert (v;3) into Queue
di5 else
di6 Insert (v;s) into Queue
di7 endif
dis 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 asin (39). Sometimescost may be usedto minimize
number of bu ers inserted, or becomea composite cost of wire and bu er usageasin (25). In some
casesdit is required to managedesigndensity (2) and costis usedto bias the algorithm to utilize bu er

candidate locations in low density areas.

2.1.41  Algorithmic  Details

A candidate solution for a (bu ered) sub-path rooted at somevertex in the target routing graph
is represenied 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
g 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 ¢ and g are necessaryto assurea maximum g solution,
all three parameters appear necessaryif we want to avoid excessie cost overhead. Since c represens
the load of a solution, oncewe insert a bu er, ¢ becomesequalto the input capacitanceof that bu er
loosing any downstream information. In the casewithout bu er insertion, cost of a wire segmen is
not necessarilyproportional to the capacitance of that segmemn due to di erent 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 beliewve it is truly necessaryfor practical solutions.

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

modi cations are necessary Those modi cations include ordering of candidate solutions in the priorit y
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gueue,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 slak and thirdly by downstream load. Main reasonfor this ordering is that
pruning of sub-optimal solutions canbe 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
qguery as 2D using only (c;q). Further, for expandedcandidate solutions to be monotone, we have to
order them secondarily by required arrival time becausedownstream load value is not monotone (high
load of some candidate solution is reducedto a buer 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 donein constart time (insert always at the tail of the list).

2.1.4.2 Dominance Prop erty and Pruning

An important conceptis a notion of non-dominated solution. Sincea single solution 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;c® 9 that have the samecost. We say that (p;c;q) dominates
(p;c® ) if (c< Pandg ) or (c= c?and g> 9. If the rst solution has smaller load and equal or
better sladk (or equal load and better slack) then we do not want to keepthe other solution.

To determine dominancein 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<tcandq tQ max |t tleft

(2) | ¢ tcandg> t:g _max | return \non-dominated"
(8 |c tcandq td _max | return \dominated"

(4) |c>tcandg> tiqimax |t tright

Figure 13. Recursiwe rules for dominancetesting.

(p;c;q) is dominated by A, 9(p® ¥ 2 A; p plandc clandgq o°

Sincesolutions are expandedfrom the queuein non-decreasingorder of cost p, we obsene that the
rst inequality (p  p9 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 ¢ and g dimension. The existenceof such a member
of A can of coursebe determined through a linear scan of A. Howewer, with use of appropriate data
structure the problem can be solved in O(log(jAj)) time.

Sud a data structure is given in (39) (for the optimization of static routing topologies), and is
adopted here with somemadi cations. We store the members of A in a binary seard tree ordered by
¢ (p is ignored due to the reasoningabove). At ead node we store t.c (the assaiated c value) and
t:q _max (the largest g value in the left subtree, including the current value of g). The recursive rules
for traversing the tree are shavn in Figure 13 (in the basecasewherethe tree is empty, the solution is
clearly non-dominated).

An exampleof this data structure appearsin Figure 14. Keepin mind that underlying showvn values
in the tree are p values,sovaluesin the tree are not in generalnon-dominated among themselhes, 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 slak). Supposeinstead the query is (10,7); in this casewe traversethe tree
all the way to the vertex (12,8) and nally a NULL subtreeto concludethat it is non-dominated. If
the query is (10,15), we apply case2 at the root and declareit non-dominated.

The ideais that instead of using a linked list to store valuesof A we usethe augmerned binary tree.
The strategy is implemented suc that queriesand insertions are always logarithmic in the size of the
tree by applying a balancedschemesudc as Red-Bladk trees (51). Our obsenation is that updating of
the augmerting values during the rotation operations in not necessary In fact g _max value does not
have to be strict in the sensethat aslong as q_max at somenode is not smaller then the max ¢ from
the left subtree (including the current node) and not greater then the max g of all elemerts in the tree
that have smaller c, the dominancerules will hold. Sincerotation operations for balancing Red-Black
trees do not violate theseconstraints if the elemens 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 needto keepelemens with identical ¢ values. When new elemert is inserted and
its c value is already in the tree, that meansthat the elemen is non-dominated and it must have its q

value larger than the existing value. Sowe only needto update t:q; max t0 M AX (¢; t:0i_max )-

2.2  Tree Optimization

In Section 2.1 we have preseried a very exible and robust set of tools for optimization of 2-pin
paths. Although many nets that we encourter 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 seard tree for detecting dominance property. Vertex labelsare ¢
(capacitance) and q_max (maximum slad in the left subtree).

fairly suboptimal solutions. In general, multi-pin nets can be represenied 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 synthesiswas
intro ducedindependertly by van Ginneken (17) and Dhar (14), and later re ned by Lillis et al. in (39).
Tedniques preserted 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.

preseri 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.

221 Fixed Tree

Giventhe xed tree structure, with already routed paths, optimizations that we can perform include
wire sizing and bu er insertion. Example is givenin Figure 15, where xed and routed tree is given on
the left. Net hasthree 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 aswell
as wire segmeits that are allowed to be resizedare determined by routing graph that consistsof the
tree itself and additional verticesthat segmen 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 segmema-
tion), technology parameters, bu er library B, candidate wire widths wq;:::; wyg, and required signal

arrival times q, for ead sink u, nd an assignmen of bu ers from B and widths of wire segmeits in
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the tree sud that resulting arrival time at the driver is maximized while signal polarity constraint is
satis ed at ead sink.

The most famousbu er insertion algorithm is van Ginneken's O(n?) dynamic programming algo-
rithm (17), which nds the optimal delay solution for a given xed and embeddedtree. Recenly, 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. (¢;q) pair, which meansthat both opti-
mize for best sladk solution disregarding costissues.In 3D case,where we add solution cost, algorithm
complexity of both approacescannot be claimed to be polynomial any longer.

There are other optimization objectivesof practical importance for this framework. Someof them
could befound in (9). For example,minimizing solution costsubject to timing constraints, or maximize
timing subject to power requiremerts, or minimize placemen 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,where branching points remain xed, but we are allowed to re-route paths betweenthem.

Therefore, we will present solution to this casein Section2.2.2.

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 alsoreferredto asblockages.If the existing tree is routed over

those blackages(as showvn 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 rectanglesrepresen blockages.

such topology will either fail to nd a feasible solution or possibly nd solutions that is considerably
suboptimal. If oneis allowed to re-route paths between sinks, sourceand branching points, nding a
feasiblesolution could be possibleat additional wire or bu ering cost. One such solutions is showvn on
the right of Figure 16.

Someof the works that addressthis particular problem include (5). Authors decomposetree into
2-pin paths and optimize ead of them separately Although this approach may nd feasible solution
where non existed beforeit 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 segmemation), technology parameters, bu er
library B, candidate wire widths ws1; :::; wg, and required signal arrival times q, for ead sink u, re-route

paths between xed nodesand nd an assignmen of bu ers from B and widths of wire segmeits on
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those paths sud that resulting arrival time at the driver is maximized while signal polarity constraint
is satis ed at ead sink.

We propose to solve this problem by decomposing tree edgesinto 2-pin paths, but instead of
optimizing them separately we use dynamic programming bottom-up approac similar to (17). First,
the target routing graph is constructed by any meanspreseried in Section 1.2 or simply supplied as
input. Then we start from the sinks and run mazerouting algorithm presered in Section 2.1 (in any
of the variants, 1D, 2D or 3D, depending on the optimization objective). The sourcefor 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 badktrack 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 conbine subtree solutions and pretend that they represen 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 mazerouting again starting from the current branching point and
ending at the next immediate ancestorin the tree. We continue in this fashion until we reac the root
of the tree. Once we pick a solution at the top level, then we badtrack through saved data structures
and extract actual routes that contributed to the top level solution. Pseudo-cale of this approad is

shown in Figure 17.

2.2.3 Join Operation

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

we have di erent implementations for the Join operation.
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Subroutine:  ComputeSubTree(T,G)
T: Topology subtree; G: Target routing graph
bl if(leaf(T))
b2 A(T) Computelnitial (G;T)
b3 else
b4 A(T:left) ComputeSubT ree(T:left; G)
b5 A(T:right)  ComputeSubT ree(T:right; G)
b6 AP Join (A(T:left); A(T:right))
b7 A(T) GenDijkstra (AP;G)
b8 endif
b9 return A(T)
Algorithm:  SoftTreeEnbedding(T; G; s)
T: Topology; G: Target routing graph
S: source node
al A(T) ComputeSubT ree(T;G)
a2 Final  Augmen tRo ot(A(T);s)
a3 return Final

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

Simplest caseis when solution signature contains only one parameter. Going badk to the example
from the Section 2.1.1where solution signature was represenied by wire length only (wl) we can write

the Join operation as:

wl = wl; + wl,.

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 represerted by a (c;q) pair, asin Section 2.1.2 where

c represens downstream load, and q represens required signal arrival time. In addition, one solution
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Subroutine:  join list(L1,L )
L,,Lo: Lists to join
hi L
h2 i j 0
h3  while (i < jLij andj < jLjj)
h4 (Ci;om)  Lafi]
h5 (c2;p)  Lofi]
h6é Lli+j] (ci+ cz;min(on; )
h7 if (o < )

h8 i i+1
h9 else

h10 j j+1
hil endif

h12 endwhile

hl13 return L

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

set A() may contain more than one solution, however, all those solutions are mutually non-dominated.

We can join two solutions from subtree setsin the following way:

C = Gt G

MIN (gi; &j):

o)
I

Basically, we add up load and take the worst sladk. Since solutions 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 obsened by van
Ginnekenin (17). Pseudo-cale for join _list operation is shavn in Figure 18.

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

triples, asin Section 2.1.4, when we join two sets, A|( ) with A;(), we have to join every triple from
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one set with ewvery triple from the other. We then prune suboptimal solutions. Joining two triples
(mi; Gisgi) and (prj;Crj; &) into (p;c;q) is done by adding up costsand loads and taking the worst

slak:

P = Pit Pr
C = Git¢Gj
g = MIN(gi;qj):

To ecien tly join two sets we use methods from (38). In ead set A() we can store (p;c;q) triples
distributed into linked lists basedon costp, i.e., all triples of the samecost are in the samelist. Then
we use\ join _list" primitiv eto join theselists. We repeat this for every possiblepair of costsp (basically

a crossproduct).

2.24 Tree Embedding

Problem formulation from Section 2.2.2 provides more exibilit y over van Ginneken style (17)
approac to tree optimization. Yet, limitations are clear. Re-routing 2-pin paths around blockages
may vield suboptimal and high cost solutions. It is also possiblethat 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 possiblefor this scenario,a more robust approac is desired.
It turns out that such an approac is possiblewith modi cations of the existing optimization ow. In
a tree embedding problem, we are given a tree topology, which is not embedded (i.e., not routed). It

only represerts 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 embeddings of 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 asthe routes (and bu er placemers) connecting them.

We begin with the problem of mapping the branching nodes of 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 where we shaw 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 requiremerts, a bu er library, a target routing graph,
and a tree topology, nd topology embedding and bu er assignmets which minimizes cost (e.g., some

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

For the solution signature we can assumeany of the variants presenied sofar. 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 bethe set of non-dominated solutions for subtree rooted at u in given topology T, with root
placedat v in G, connecting all sinksin that subtree. We apply dynamic programming techniquesto
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 augmerted to considerthe e ect
of the driver (additional load-dependert delay) which then results in the overall set of non-dominated
solutions with respect to cost p and required-time (slak) g. Theseform a trade-o curve from which
a solution can be selected.

In order to compute these setsit is useful to de ne a related group of intermediate setsin which

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



Subroutine:  JoinTree(T; G)

cl
c2
c3
c4
c5

T: Topology subtree; G: Target routing graph
for ead vertexv2 G
AP[v]  Join (A:left[v]; Airight[v])
endfor
A GenDijkstra (AP;G)
return A

Subroutine:  ComputeSubTree(T,G)

bl
b2
b3
b4
b5
b6
b7
b8

T: Topology subtree; G: Target routing graph

if (leaf (T))

A(T) Computelnitial (G;T)

else

A(T:left) ComputeSubT ree(T:left; G)
A(T:right)  ComputeSubT ree(T:right; G)
A(T) JoinT ree(T;G)

endif

return A(T)

Algorithm:  TreeEnbedding(T; G; s)

al
a2
a3

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

A(T) ComputeSubT ree(T;G)
Final  Augmen tRo ot (A(T);s)
return Final

Figure 21. General Tree Embedding Algorithm.

42
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setsbe AP(u;v). Subsequetly we will refer to these sets simply as A() and AP(). These branching
solutions AP() 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 preseried in Section 2.1. We start by initializing the
priority queuewith AP() solutions. These solutions represen the non-dominated solutions that are
constrained to be a branching solution at particular vertex v in G. These solutions 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 mazerouting phase, as
well as vertices that will be included in join operation. One additional requiremert is that branching
point candidatesmust be contained in the intersection of routing candidate vertices of 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 givenin
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 werestrict routing verticesto predetermined

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

2.25 Floating Driv er Form ulation (Connecting Tree Root 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.

Simple solution for this problem would beto identify somepreferredlocations onthe busthat could pose
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Figure 22. Example of embedding spaceconstraints.

asvirtual drivers and then invoke the tree embedding algorithm multiple times (once for eadt 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 populatesall verticesin the routing graph with sub-solutionsassumingthat

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

tree nodes, i.e. branching points. There is nothing to prevent asfrom 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 setsthat correspond to all vertices that

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

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

root (or driver).



3. FANOUT TREE SYNTHESIS

This chapter preserns tree synthesis techniques. Description beginswith 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 preseried and it is showvn how it can be utilized in timing-driv en and
cost aware timing-driv en mode. Implementation of the P-Tree algorithm using this ow is presened
and new tree synthesis algorithms (S-Tree and SP-Tree) are introduced. 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 polarity requiremerts, ability to handle relatively high fanout nets, cost/p erformance trade-o s

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

3.1 Overview and Background

In the deepsubmicron erae ectiv e performancedriveninterconnect synthesishasbecomecrucial for
achieving chip-level timing closure. When synthesizing an interconnect structure for a timing critical
net, there are a number of degreesof freedomwhich may be exploited including bu er insertion, wire
tapering, topology and topology embkedding. Optimization techniques preserntied in Chapter 2 assumed
that tree topology was given. In practice, that topology hasto be generatedin someway. Here we are
preseriing techniquesthat are simultaneously exploring topology and embedding spaces.

The past ten years has seenthe growth of a substartial body of work in the area. Many of the
practical bu er insertion techniquesin usetoday canbetraced 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 seweral 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 introduce the U-Tree engine and
S-Tree and SP-Tree algorithms with a number of criteria and objectivesin mind which we believe to

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

Simultaneous Buer Insertion and Tree Construction: We believe that overall improve-
merts 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 simultaneous approad.
While some past works have attempted sud a uni cation ((38), (13)), those methods do not

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

Handling Routing and Buer Blo ckages: In real designsthere are often limitations on where
wires can be routed and where bu ers can be inserted. We addresstheseissuesexplicitly in the

proposedalgorithms by adopting a generalgraph model as our routing target.

Temporal Locality 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-Tree method
(387), a sink permutation is formed where consecutive subsequence®f sinks are candidates for

subtrees. Sincethe sink permutation is determined by the relative physial 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 considerthe casein
which bu ers are usedto decouplea non-critical group of sinks. In such a case(in order to
consene scarcebu ering resources)it may be preferableto allow someadditional wire-length so
that they may be \tapp ed-o " with a single buer. A similar phenomenonoccurs when sinks
have speci ed signal polarity requiremerts (some sinks expecting an inverted signal). In (1),
notions of temporal locality and polarity requiremerts 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 separatedif robust and predictable behavior
is to be expected. The algorithms preseried herein capture physical locality through a topology
constraints and temporal locality through a sink partitioning. Togetherthesetwo items create a
generalizedtopology spacecapturing both requiremerts. 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).
Sud nets may result from the removal of bu ers intro ducedby logic synthesisproducing netsthat
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 exponertial respectively). In our approac we use a set of tools to addressthis
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problem. The SP-Treealgorithm 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 Tradeos and Congestion: Werecognizethat while our algorithms focus
on the one-net problem, a real CAD system's objective is to drive an ertire designto 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 recert 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-use of bu ering resourceswill

have dramatic consequences.

With theseissuesin mind we have deweloped the U-Tree optimization engine and a padkage that
includes S-Tree and SP-Tree algorithms. S-Treeexploits three degreesf freedom: Topology, Embedding
(placemert 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 expansiwe solution spacethan S-Tree and is
targeted to small to medium sized nets. An overview of how these degreesof freedom are exploited is

givenin the following sections.

3.2 Tree Topology Space and The P-T ree Algorithm

In Section2.2.4we have preseried a robust approad to optimize given tree topology. The problem

that arisesin practical applications is that tree topology hasto be generatedsomehav and then supplied
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to the algorithm for further optimization. Choicesmadein initial topology construction have signi cant
impact on nal solution quality. The technigue that is capable of nding the routing topology itself
while simultaneously optimizing it (using bu er insertion or wire sizing) was preseried in (34) and is
known asthe 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 approad is structured to nd

the optimal solution in constrained spacein polynomial time. Thus, it is very systematic and di erent
from other ad hoc heuristics.

The main idea of the P-Tree approac is the notion of tree topology being induced by a sink
permutation. Given the permutation of the sinks, considerall binary searh treeswith sinks at leaves
sud that in-order traversal of the trees visits the leavesin the order of the permutation. In Figure 23
we shaov an example of a sink permutation and some of the tree topologiesthat satisfy permutation
constraints. Note that number of tree topologiesis exponertial in general.

The algorithm then determinesthe placemen 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 ead of them. This approad, although correct, would yield
huge computational complexity. In (34) it is obsened that this constrained tree topology spacehas a

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

a b ¢ d e a b ¢ d e a b ¢ d e

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

Let usde ne PJi;j] to represen a set of sub-solutionsthat 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 setsis as follows:

Pli;jl= [ fPli; k] Plk+ 1;j]o:
k2f izj 1g
This recurrencerelation is very similar, for example, to the one used in dynamic programming
approach to determine the optimal order of matrix multiplications asin (51). Let us illustrate this
idea through an example. Assumethat 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 usedfor high-level computation looks like. In the matrix

sinks are located at M [i; i]. M [i; j] represens a set of sub-solutionsthat cover all topologiesthat obey
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Permutation: a, b, c, d.

a a
b d
c d b ¢
a b ¢ d
d d

a Cc

b ¢ a b
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 componerts 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 obsene someof 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-Treerecurrence.

problem of mapping vertices and edgesof a given topology to the vertices and edgesof a target routing
graph. Figure 19 illustrates the embedding spacefor a given topology where we shav 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 subtreein T rooted at vertex u and with left and right children I(u) and r (u), which
represen partial solutions for the left and right subtrees. Let P (u) be the set of sub-solutionsfor the
subtreerooted at u and covering all sinksin 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)=fP((u)) P(r(u)g.

This recurrencerelation suggestseasyrecursive implemenrtation, but we will instead usethis relation
as a guide for more generaldynamic programming bottom-up algorithm. Basically we traversegiven
topology in bottom-up fashion and compute solutions at all child nodesbefore computing 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.
Single binary tree is not su cien t to represen a topology spaceof P-Tree. By observinghow solutions
are constructed we seethat we still have to join somechild solutions and then merge some already
computed solutions at the parent. Again we still have that strong dependencythat child solutions must
be computed beforethe parent's solutions and that we do not have cyclesin our topology description.

At this point we are proposingthat topologiescould be represered by a Directed Acyclic Degree-3
Hypergraph (DAD3H). Every degree-3hyper-edgewill connect parent with two of it's children for
which operation join hasto be performed. Since a parent node may have more than one outgoing
hyper-edge,once the joins are computed for ead outgoing hyper-edge,we merge all those solutions
and obtain the nal solution at the parernt 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 sothat children are visited always beforetheir parert.

An example of DAD3H for the 4 sink instance is shown in Figure 26. Obserwe that here we have
exactly 6 internal verticesthat needto be populated. Semartics of those verticesis exactly the sameas
the semartics of slots in the matrix M shown in Figure 25. Sink nodesare replicated for visualization
clarity purposes.

If we obsene more carefully what these internal vertices represen, we can seethat ead of them
represerts solutions for exactly one subset of sinks. For example vertex marked with \x" represerts
all sub-solutionsthat are induced by sinksf a; b;cg and there is no other vertex that represerts exactly

this subsetf a; b;cg.
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b c

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 freedominto a single framework
and optimization enginecalled U-Tree. In particular, we are utilizing genericencading schemesfor both
topological and embedding spacesand a genericcomputational enginewhich takesthe descriptions of
these spacesin addition to the problem instance as parameters. Conceptually the goal is to separate
the frequertly heuristically guided topological and embedding decisionsfrom the core optimization
(Figure 27). Thus, depending on the speci cation of said spaces,one can represen 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 sudh a capability will

be of great utilit y to both researters and practitioners in that it enablesfast implementation and
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l Instance
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l Set of non-dominated
buffered solutions

Selector of
final solution

l Buffered tree

Figure 27. Separating core optimization from topology and enbedding decisions.

experimentation with new ideas with respect to solution spacecoverage. When one considersthe
implementation complexity of someof the underlying techniques, we argue that this is of substartial

value.

34.1 Problem Form ulation

Giventhesenotions of topology spacesand embedding spacesthe U-Treealgorithm optimally solves
the following problem: Given sink and driver locations, technology parameters, timing requiremerts,
a buer 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 assignmemis 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 avor to seweral past works ((39), (37), (24),
(25)). A candidate solution for a bu ered subtree rooted at somevertex in the target routing graph
will be represetted by its signature. Any of the solutions signatures previously 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 placedat v in G, connecting all sinksin that subtree.

We apply dynamic programming techniquesto compute thesesetsin bottom-up fashion(an overview
of the U-Tree algorithm appearsin Figure 28).

When all sets are established, the candidate solutions in A(us;Vvs) (where ug is the root of the
topology and vs is the location of the driver in the target graph) are augmerted to considerthe e ect
of the driver (additional load-dependert 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 setsit is useful to de ne a related group of intermediate setsin which
the vertex v in the target graph is constrainedto be a branching point (basically, a Steiner). Let these
setsbe AP(u;v). Subsequetly we will refer to these sets simply as A() and AP(). These branching
solutions AP( ) are computed from the appropriate previously computed single-stem solutions (A())

via a Join operation (as illustrated in Figure 28).



Subroutine:  JoinTree(Tg; G; u)

fl
f2
3
f4
5
f6
f7
8
f9

Tg: Topology routing constraints
G: Targetrouting graph; u: Vertex in topology hyper-graph
AP
for ead vertex v 2 Tg(u)
for ead outgoing hyper-edgeh from u
tmp  Join (A(h:left; v); A(h:right; v))
AP(u;v)  AP(u;v) [ tmp
endfor
endfor
A(u) GenDijkstra (A°(u);Tg;G)
return A

Algorithm:  U-Tree(P; G; s;n)

el
e2
e3
e4
eb
€6
e7
e8

T: Topology hyper-graph; G: Target routing graph
Tg: Topology routing constraints; s: source node;
for eath sinkt; in T do A(tj) Initial (Tg;G;t;)
Queue InverseTopologicalSort (T)

while Queue & empty

A(Queue:top  JoinT ree(Tg; G; Queue:top
Queue:pop

endwhile

Final  Augmen tForDriv er(A(T:root);s)

return Final

Figure 28. The U-Tree Algorithm.
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We have de ned what the solution setsA( ) and AP() meanand given an idea of how to compute
AP(). What remains is the computation of A(). This problem can be solved e cien tly through a
generalized version 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 ertries 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-cale we alsomertioned
Join operation and testing and pruning suboptimal solutions. These operations 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 generatedby any means). Ignoring temporal locality for the momen, Figure 19 illustrates
the embedding spacefor a given topology where we shov 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 requiremerts to isolate sink a completely with its
own path from the driver s; this is not possiblefor this topology).

S-Tree generalizeghis notion to provide more exibilit y in the topology space(in fact, exponertial
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 usefulin practice).

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

two disjoint setsS; and S;. Now considera subtree in T rooted at vertex u and with left and right
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children I(u) and r(u), represening subsolutions for the left and right subtrees. Somesinks in the
subtree belongto S; and othersto S,. If we have two setsof topologiesL and R (covering disjoint sets
of sinks),then L R is the set of all topologieswhere a root hasa member of L asits left subtree and
a member of R asits right subtree (basically a cross-praluct; if one of the setsis empty, the output is
the other non-empty set).

Given these notions, let P1»(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 S;. Similarly P»(u) is the set of
topologiesrooted at u and covering sinksfrom S,. If u is a sink, then it doesnot have subtrees. Sinceu
must be either in S; or Sy, the basecaseis trivial: If u2 S; and u is a sink then P12(u) = Py(u) = fug
and P,(u) = ;: Casewhere u is a sink in Sy is handled similarly. The following recurrencerelations

establish these sets:

Pi(u) = fPy(I(u))  Pa(r(u)g
Pa(u) = fP2(I(u))  Pa(r(u)g

Pio(u) = fPo(I(u))  Pra(r(u))g[ fPi(u) Po(u)o.

The expansionin solution spacecomesfrom P1,(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 shovn. Note
that while three topologiesare isomorphic to the given topology, someof the sinks have beenre-labeled

(b and e now being closerto the root and c and f farther).
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Given topology:
Sink Partition: {a,c,d,f},{b,e}

a c d f

Figure 29. S-Tree topology solution spaceexample.

Two notions motivate this idea. First, in a dynamic programming framework, the optimal solution
in the expandedsolution spacecan be found with only a small amourt of extra work vs. the totally xed
topology case. Second,it is well-suited to timing related issueswhereit is often desirablefor groups of
critical or non-critical sinksto be in the samesubtree. If S; and S, are critical and non-critical sinks
(or are believed to be so0), then the stitching operation enablesthis quite naturally.

To illustrate the secondpoint, considerFigure 30. Topology and a sink partition is given and sink
bis critical. It is likely that we desirea direct path from s to bwhich 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 buer. We expect that sudh savings will be increasingly
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Sink Partition: {a, c}, {b}

S S
(]
c
b b
a b

a a
o —o
c c

Fixed Topology S-Tree Solution

Figure 30. lllustration of critical sink isolation and bu er savings in the S-Tree.

important asmore bu ers are neededin typical designsand consenation of bu ering resourcesbhecomes
crucial.

Given this notion of the S-Tree space,the algorithm optimally solvesthe following problem: Given
technology parameters, timing requiremerts, a bu er library, a target routing graph, a topology and a
sink partition (S1;Sy), nd atopologyin the corresponding space,its embeddingand bu er assignmens
which minimizes cost (e.g., somefunction of bu ers, area, wire length) subject to timing constraints.

In addition to the ability 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-Treetopology spaceis constructed it can be handedo (with other input parameters)to the U-Tree
solver to generate nal solutions.

We have preseried algorithms wherethere are two setsof sinks. However there is no reason(except

computational complexity asthere is a run-time term which is exponertial 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, A, As,
A12, A2z, A123. Obsene that we do not join solutions that spawvn highly critical and non-critical sinks
(A13) for obvious reasons.

The other caseof practical interest is with 4 partitions: (Si1) positive polarity constraints and
critical, (S;) positive and non-critical, (S3) negative and non-critical, (S4) negative and critical. Here
we de ne following nine sets: A1, Az, Az, Ay, A1z, A2z, Az, A1a, A1234 in the similar way. Obsere
that in \in termediate" setswe join all critical sets, all non-critical sets, all positive polarity sets, and
all negative polarity sets. In this way we are able to simultaneously capture physial, temporal and
polarity locality.

Given the U-Treetopology spacedescription, oncewe construct the topology spacehypergraph we
can apply the U-Tree engineto e cien tly solve this problem formulation. In Figure 31 we give an
example of topology spacehypergraph that represerns S-Tree topology spacefrom Figure 29 (some of
the sinksin the gure are duplicated for visualization purposes).Obsene that total number of internal
nodesin new hyper-graphis 9. If we add up the number of internal nodesin the original topology tree
(5), non-redundart nodesfrom the replica of the sametopology tree that contains only sinksfa;c;d;f g
from the rst set(3) and non-redundart nodesfrom the replica of the sametopology tree that contains
only sinks f b;eg from the secondset (1) we get exactly 9, what is consistert with our construction for

S-Tree'stopology space.
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Figure 31. Example of topology spacehypergraph for S-Tree topology solution spacefrom Figure 29.

3.6 The SP-Tree Algorithm

The P-Tree algorithm (37) achievesa high degreeof exibilit y (enabling an exponertial number of
topologies) by constraining the topology to be induced by a sink permutation. This sink permutation
is constructed in a way that captures physical locality betweensinks; thus consecutive subsequencemn
the permutation are likely to make good candidate subtrees.

Sincethe permutation is determined solely by physical locality, we obsene similar phenomenonas
in the caseof xed topology embedding: the ability to e ectiv ely isolate critical/non-critical groups
of sinks is limited (similarly, the ability to separatesets of sinks with di ering polarity requiremerts
is poor). For example, consider Figure 32. We seethat the critical sinks are \pinc hed" by the given
sink permutation and it requiresthree bu ers to decouplethe non-critical sinks. On the other hand
a dierent topology outside the P-Tree spacewould enable a single bu er to give equal or better

performanceas shown in the lower solution.
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Figure 32. P-Tree'sinability 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;fb;dg; proposedapproac captures solution on
bottom.

At rst glance, it is appealing to adopt a dierent similarity metric (as in (1)) as a guide for
constructing the sink permutation to alleviate this problem. However, our experienceindicates that the
heuristic measuresone might attempt lack the predictabilit y necessaryfor a robust approac. Instead,
we have adopted the stitching idea of S-Tree wherely sink criticalit y (and now polarity requiremerts)
are captured through the orthogonal notion of sink partitions, while the sink permutation cortinuesto
capture the physical sink locality. The resulting generalization of P-Tree has beendubbed SP-Tree.

An example of 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 S; and sinksi:;j

Ax(i; j;v): Similarly de ned exceptlimited to sinksin S,.
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A1o(i; j;v): Similarly de ned, but topologiesmust connectsinksin S;[ S, contained in i:;j (in this
caseall sinksin i:;j ). Note that the set of topologiescavered by this setis a strict generalization of the
usual P-Tree spacein that topologiesare built up additionally usingthe A1() and Ay() solutions.

To computethesesetswe alsode ne respective branching solutionsAtl’( ), Ag( ) and AEZ( ). Proceed-
ing bottom-up we compute setsAj( ), Az( ), and A12( ) in the sameway as explained previously with
onedi erence in computing setsA1,(T; V) (this is wherethe stitching comesin). Solutionsin A%(T;v)
may be constructed rst by joining A1x2(T:left; v) with A12(T:right; v) or from joining A1(T;Vv) with
A2(T; V) (these are the \stitc hed" solutions). The non-dominated solutions in the resulting union are
retained. In this way we separate critical/non-critical sub-trees(and similarly when considering sink
polarities).

Our current framework is more generalin that we enable the partitioning of sinks into four sets
(if appropriate) to considersink polarity requiremerts: critical/p ositiv e, critical/negativ e, non-
critical/p  ositiv e, non-critical/negativ  e. This generalizationhasbeenapplied to the S-Tree frame-
work as well.

We feel that we needto clarify the objectivesof SP-Treevs. those of S-Tree. The main advantage
S-Tree hasis scalability while the advantage of SP-Tree s solution spacecoverage. The goal of SP-Tree
is to provide excellert solution quality for modest sizednets which represen a large percertage of those
in practice (e.g., up to 10 or 12 sinks). On the other hand, S-Tree (or somehybrid approad) may be
usedfor larger fanout nets (e.g., up to 20 sinks).

Again, after costructiong the topology spacehypergraph, we can usethe U-Tree engineto 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 needto have internal vertex in the topology hypergraph for
every proper sink subsetand hyper-edgefor every possibleway to construct ead proper subset(this
would be equivalent to S-Tree spacewith n sets,whereead sink is in separateset). Number of internal

vertices that we have in this caseis

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 ability 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 esit executes,we have an O(n®) algorithm. This can be seenin
the computation of AP: there are O(n?%) sets A(v;i; j) (note that there are O(n2) vertices in target
routing graph) and for ead such set we execute O(n) primitiv es. The primitiv es are not constart
time operations. However, it can be arguedthat the size of these setsis polynomially boundedin the
parameters of the problem instance and thus the algorithm is pseudo-mlynomial overall. In further
discussionwe will use notation P(n) for non constart time operations that are polynomially bounded
in the parametersof the problem instance.

Our rst extensionof P-Tree (38) includes ability to handle blockages. We have donethat 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 AP( ) sets. In P-Tree (38) computation
of setsA( ) was performed by four sweepsof the grid graph (O(n?) size), and that was invoked O(n?)
times yielding overall complexity of O(n%). With our modi cations we have O(n?) runs of general-
ized Dijkstra's shortest path algorithm yielding O(n?)  O(n?log(P (n))), which is O(n*log(P (n))), so

computation of AP still dominates overall complexity.
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Figure 34. Runtime of SP-Tree scaledto runtime of P-Tree. Curvesshonv minimal and maximal ratio.

Our secondextensionincorporatesstitching. Let us examinethe casewith two sink partitions (cases
with more sink partitions aresimilar). Instead of computing setsA( ) and AP( ) we now haveto compute
setsA12( ), A1(), Az(), A%,(), AP() and A5(). 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 slovdown smaller than the factor of three. In Figure 34 we have
compareda slowvdown factor of SP-Tree comparedto P-Treeon various nets. We have plotted maximal
and minimal slowdown factor per net sizethat we encourtered in our experiments. By stitching we
are able to expand solution spaceexponertially (in general case)and pay only constart overheadin
runtime.

As for the S-Tree, we have O(n3) setsAP(u; v). In computing AP setswe executeO(n?3) primitiv es.
For computation of A we have O(n) calls of modi ed Dijkstra's algorithm what yields a complexity of

o(n3log(P (n))).
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3.9 Solution Spaces

It is instructiv e to compare solution 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 consistert with S-Tree and
P-Tree spaces). In the SP-Tree algorithm, stitching allows topologiesthat 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 usedit to produce S-Tree, P-Tree and SP-Tree algo-
rithms. We performed someinitial experiments to evaluate their e ectiv eness.The experimerts were
conducted in Solaris environment on a Sun Ultra 1 workstation with a 200MHz CPU and 384MB of

RAM L,

LFor reference,an 800MHz Celeronis roughly 3.5 times faster than this machine which was usedfor compat-
ibilit y with the RMP executable
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Figure 35. lllustration 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 edgesadjacert to them) which are covered by routing blockages. Then we include additional grid
lines which are adjacert 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 represerted as a union of rectangular shaped blockages.
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Another type of blockageis bu er blockage,i.e., regionin 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 prevert 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
represert 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 assignsome cost (di erent from default values) to ead edgeand
vertex in the graph. Vertex cost should re ect placemern congestioninformation. If the region is
congestedthen it is \exp ensiw" to insert a bu er at that location and it would be \c heaper" to insert
a bu er in somelesscongestedarea. In this way cost of inserting a bu er is context dependen. 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 congestionis \cheaper” then routing over highly congestedareas. Considering both
routing and placemert 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 parameterto S-Treealgorithm, it hasto be generatedsomehav. For
the purposesof this experimental evaluation we used MST basedapproad and a P-TreeA topology,

both discussedin (37) and (9).
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Figure 36. lllustration of abstract topology and target routing graph.

Figure 37. Target routing graph construction.
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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 sourceto ead sink, adjust the given required time by these
estimatesand then rank the estimated achievable sladks. Partitioning with respect to sink polarity is

trivial.

3.10.4 Addtitional Buer Candidate Lo cations

Careful choice of bu er candidate locations may improve solution quality. For example, segmeming
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 sladk and cost (wire length and
bu er usage)and run-time. Our experiments are comparedwith a P-Tree basedapproad (38) (mod-
i ed using U-Treeto 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 usedto reduce CPU time (RMP-Q in tables). Wire length is reported in
microns, slad in pico secondsand executiontime in secondsof CPU time. Tednology parametersare
represertativ e of 0:25m technology. For ead net three solutions are showvn: minimum cost, minimum
cost feasible(cheapest with positive sladk), and maximum sladk. Runs that failed to report result in 30
minutes wereterminated. Maximum amournt of memory usedby S/P-T ree algorithms was 83MB. Solu-

tion costin the S/P-Treealgorithms is de ned asa function of wire capacitance(which is proportional
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TABLE 11

6-12PIN NETS, UNIFORM REQUIRED ARRIVAL TIME

Net Alg. min cost min cost feasible max slack cpu
wl slk buf cost wi 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 | 39
netl-06 | S-Tree 17991 | -2493 0 17991 | 17991 | 16 5 19321 | 24495 | 120 7 26357 | 0.3
P-Tree 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 | 11
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
netl-08 | S-Tree 22894 | -2551 0 22894 | 22894 | 67 4 23958 | 30276 | 537 | 12 | 33468 | 1.7
P-Tree 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 - - - - - - - - - - - - -
netl-10 | S-Tree 25691 | -4314 | O 25691 | 25911 2 5 27241 | 26860 | 418 | 15 | 30850 | 5.7
P-Tree 25340 | 4090 | O 25340 | 25340 | 47 5 26670 | 27415 | 426 | 14 | 31139 | 40
SP-Tree | 25340 | -4090 | O 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 - - - - - - - - - - - - -
netl-12 | S-Tree 25739 | -5799 0 25739 | 25739 | 69 7 27601 | 37611 | 645 | 16 | 41867 24
P-Tree 24970 | -5650 | O 24970 | 25445 | 118 5 26775 | 39870 | 648 | 20 | 45190 | 295
SP-Tree | 24970 | -5650 | O 24970 | 25445 | 118 5 26775 | 39870 | 648 | 20 | 45190 | 687

to wire length) and input bu er capacitance(WireCap+ | nBuf 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 sincebu er libraries contain cascadedbu ers which do have small
input capacitancebut large area. In absenceof \real world" bu er costdata we usedthis cost, but in
generalit is givento our algorithms as a parameter.

In the rst setof experiments we usedrandomly generatednets with small variations in sink required
arrival time (Table I1). 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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6-12PIN NETS, NON-UNIF ORM REQUIRED ARRIVAL TIME, BUFFER-BIASED COST

Net Alg. min cost min cost feasible max slack cpu
wil slk buf cost wi slk buf cost wil slk buf cost
RMP-Q 18288 | -176 8 231088 - - - - 22664 | -148 | 10 | 288664 | 0.1
RMP 23001 -6 12 | 342201 - - - - 23001 -6 12 | 342201 | 54
net2-06 | S-Tree 16177 | -2402 0 16177 | 22478 12 8 235278 | 22478 12 8 235278 | 0.3
P-Tree 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-Tree 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-Tree 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-Tree 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
6-10PIN NETS, NON-UNIF ORM REQUIRED ARRIVAL TIME, POLARITY AND
BUFFER-BIASED COST
Net Alg. min cost min cost feasible max slack cpu
wi 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-Tree 16253 | -1059 2 69453 | 22026 | 13 3 101826 | 20082 | 660 8 232882 | 24
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-Tree 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-Tree 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




TABLE V

15-21PIN NETS (HIGH FANOUT NETS), BUFFER-DOMINA TED COST

Net Alg. min cost min cost feasible max slack cpu
wil slk buf | cost wi slk | buf | cost wi 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 | 4238

net4-21 | S-Tree | 45708 | -2836 0 45 | 45480 | 409 3 3045 | 47421 | 1137 7 7047 | 1155
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physial locality (P-Tree) is sucien t if the goal is to achieve high quality solution (i.e., good slac

and small cost). If the goalis to achieve good solution quickly then S-Treeis a good choice, sinceits

smaller solutions spaceis compensatedby \stitc hing" to x initial topology \bad" decisions.Also it is

clear that in complex designs,algorithm that maximizessladk without consideringsolution costis not

of much usefor interconnect construction (it could be usedfor delay estimation).

In the secondset of experiments we allowed large variations in sink required arrival times (Tablel11).

We made bu ers very expensive (= 200) 1. This allows more wire detours in searing for a better

solution. Algorithms that considerboth temporal and spatial locality give cheaper solutions of the same

slak. Although S-Treeis signi cantly faster, SP-Tree's larger solution spacemakesit 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., introduction of vias, local routing overhead, power con-
sumption, possibility of needingto do an ECO on the placemen), this high bu er cost seemsjustied 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
polarity constraints (Table IV). Buer library now contains bu ers and inverters. Data for RMP is
not included sincethe implementation we were able to obtain doesnot support inverters and varying
sink polarity constraints. Bene ts of stitching idea are even larger for those \di cult" nets. On
cost/p erformancetrade-o curve (Figure 38) it could be seenthat SP-Tree givesmuch cheaper solutions
than P-Treefor xed slak, although solutions do corvergeto the samemax sladk solution.

In the fourth setof experiments (Table V) we demonstrate the ability of S-Treeto handle relatively
high fanout nets. In cost function bu er cost dominateswire 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. Some of the solution topologiesare shown in Figure 39. Driver is
represerted by a triangle, sinks by circles and inserted bu ers by squares. Sink that is critical for that
particular solution is circled. Also ead solution's sla is reported in pico seconds,total wire length
in microns, and total number of usedbu ers. In this example, due to timing requiremerts sinks are
partitioned in the following way: S; = f1;3;4g and S, = f2;5g. Solution on the top left obeysinitial
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 presered the S-Tree and SP-Tree algorithms for synthesis of bu ered interconnects. The
approad 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 ability to handle blockagesin a uniform way and the ability to meet timing and polarity
requiremerts while conservingbu ering and wiring resourcesare the most important contributions of

the work. Its e ectiv enessversusprevious approaceshas beenexperimentally veri ed.
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4. FANIN TREE OPTIMIZA TION AND SYNTHESIS

Similarities between fanout and fanin tree embedding problems are shaowvn in this chapter and
a solution for fanin tree embedding is proposed. As an example a tool for timing optimization of
FPGAs by placemer-coupled logic replication is preseried. A replication tree is introduced as a way
to generatetree 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
recorvergencesin netlist speci cation are studied and a fanin tree embedding algorithm that over-

optimizes sub-critical paths is proposedto addresstheseissues.

4.1 Similarit y Between Fanout and Fanin Tree

In the fanin tree embedding problem we are given a fanin tree, placemen of leaves (inputs) and
root (sink), arrival times at the inputs and a target placemern region (in our casethis is encadedin an
embedding graph). The goal is to place the internal tree nodes (gates) minimizing cost subject to an

arrival time constraint at the root (typically there is a tradeo betweencost and arrival time).

[F—x
[]b

Fanout Tree Fanin Tree

Figure 40. Similarity betweenfanout and fanin tree.
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We have obsened that the problems of enbedding fanin and fanout (see(24; 25)) trees are very
similar. A simple exampleis given in Figure 40. On the left we have a fanout tree with sources and
sinks a, b and c (signal ow is from top to bottom). In fanout tree enbedding we place Steiner nodes
x andy. 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 2.2.4to the fanin tree problem.

The DP approad for fanout tree embedding starts from sinks and propagatesrequired-arrival time
and costtoward the source. In the caseof a fanin tree we start from inputs and propagatearrival time,
and cost toward the sink.

In the resulting DP approad for fanin tree embedding, a candidate solution (embedding) for a
subtreerooted at nodei in the tree with nodei placedat vertexj in the embedding graph is represeried
by its signature. Depending on the application and optimizing criteria, this solution signature can be
of dierent forms. In Section 4.2 we showv how the fanin tree embedding algorithm can be used to

determine gate placemen locations in order to improve timing in the FPGA ernvironment.

4.2 An Approac h to Placement Coupled Logic Replication

We presern a set of techniques for placemen-coupled, timing-driv en logic replication. Two com-
ponerts are at the core of the approach. First is an algorithm for optimal timing-driv en fanin tree
embedding; the algorithm is very generalin that it can easily incorporate complex objective functions
(e.g., placemern costs) and can perform embedding on any graph-basedtarget. Secondwe introduce
the Replication Tree which allows us to induce large fanin treesfrom a given circuit which canthen be

optimized by the embedder. We have built an optimization enginearound thesetwo ideasand report
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Figure 41. Example with forced non-monotone paths.

promising results for the FPGA domain including clock period reductions of up to 36% compared
with a timing-driv en placemen from VPR (42) and almost double the averageimprovemert of local

replication from (6). Theseresults are achieved with modest area and runtime overhead.

4.2.1 Intro duction and Background

The idea of logic replication is to duplicate certain cellsin a designso asto enable more e ectiv e
optimization of one or more design objectives. The idea has beenapplied in sewral di erent cortexts
including min-cut partitioning (e.g., (40) (41)) and fanout tree optimization (e.g., (36) (49)).

Recertly 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 thesepapersit is obsened
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 otherwise have 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 movemert

of the certral cell ¢ from the shown location will degradethe 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 momert 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 ¢ as shown in Figure 42 to
form c® computing the samefunction, but feedingonly output b while ¢ drivesonly 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
briey review its cortributions. First, (6) made a compelling casefor the potential of replication by
observing that not only do typical placemers cortain 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, onemay conjecture that a small amount of replication may be su cien t). Then an incremenal
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 suc
cells, it placed the duplicate, performed fanout partitioning and then legalized the placemen. The
criteria for selectinga cell was basedon the goal of inducing local monotonicity. Local monotonicity

was de ned by a sequenceof 3 cellson a path vi;v»;v3. Let d(u;v) bethe rectilinear distance between



84

a b
N\

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 v; to vs is non-monotoneif d(v1;Vvs) < d(vi; v2) + d(vz; d3)
(i.e., traveling to v, createsa detour). In suc a case,v, is a good candidate for replication so as to
straighten this path without disturbing other paths passingthrough v-.

While this strategy proved e ectiv ein reducing clock period, we now obsene that a technique based
on local monotonicity has limitations. Figure 43 demonstratesthis limitation. In the gure we seea
critical path (s;a;b;t) (dashedlines 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 approac is unable to improve the delay.

With this in mind, we have dewveloped a more robust and generalreplication strategy. There are
two key elemerts around which the approac has beenbuilt.

First we study the optimal fanin tree! embedding problem. In this problem we are given the root
of a fanin tree (e.g., a ip-op), atree circuit which producesits inputs and arrival times at the inputs

(leaves)of the tree. Our goalthen is to embedthe tree soasto obtain atradeo betweenthe costof the

LFanin trees are referred to by some authors as Fan-out-Free Circuits or Leaf-DAG Circuits (20); we can
handle either such structure.
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embedding (which canbe quite general)and the arrival time at the root (sink) of the tree. Our solution
has ewlved from the closelyrelated problem of enbedding 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 approact { the Replication Tree. The replication tree givesus 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 geruine fanin tree which can, in turn, be optimized by the fanin
tree embedder. For timing optimization asin our case,a natural selectionfor such a tree is a slowest
paths tree derived from static timing analysis. At this point, the embedder's ability to handle general
cost functions becomesimportant { in particular, we are able to naturally encade the cost/benet of
replicating a cell in the \placement cost" componert of the cost function.

Around thesetwo main ideas{ fanin tree embedding and the replication tree { we have built an
optimization enginefor the FPGA domain. Additional componerts of interest include a timing-driv en
legalizer and a set of post-processingenhancemen techniques.

Section4.2.2 describesa solution to the timing-driv en fanin tree embedding problem. We introduce
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 approac. Section 4.2.6 revealssomeof the implementation details.

Experimental evaluation is presered in section 4.2.7 and we concludein section4.2.8.

4.2.2 Fanin Tree Embedding

As stated in Section4.1, in the fanin tree embedding problem we are given a fanin tree, placemen

of leaves(inputs) and root (sink), arrival times at the inputs and a target placemen region (in our case
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Figure 44. Example of fanin tree embedding.

this is encaded in an enbedding graph). The goalis to placethe internal tree nodes(gates) minimizing
cost subject to an arrival time constraint at the root (typically 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 pj is incurred when cell i is placed at slot j. This
is extremely useful in our application sinceit allows us to give a cost \discount" if a cell is placed
\on-top" of a logically equivalernt cell (and thus thesetwo cells can be uni ed). Thus, the solutions to
the embedding problem naturally capture replication overhead?

Figure 44 illustrates two embeddings of the samefanin tree. Given that the shadedregion in the
middle has high placemert 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 asin (29) can solve special casesof the embedding problem but seem
incapable of solving it in the generality we have described here.
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First, we construct an embedding graph asa uniform grid of feasibleplacemen locations. Then we
assignplacemen costsbasedon local placemen congestioninformation. In addition to this placemen
cost we have another componert which gives a cost \discount” to a cell at corresponding tree node
that is placed on top of its old location in the placemert (or on top of a cell logically equivalent to
it). In this way we can bias the embedderto useplacemert locations that are lesslikely to require cell
replication. To ead 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 approad 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 nodei placedat vertex j in the embedding graph is represetied by its signature (c;t),
indicating that this subsolution incurs cost ¢ 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
Pls and FFs and latest arrival time computed by static timing analysisfor other leaves).

In the bottom-up DP procedurewe 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=pij + G+ C+ i+ o

t = max(ty;to;::; tk)
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Figure 45. Replication Tree example.

where k in the number of inputs for gate at i, and p;; is placemern cost. For ead 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 generalizedversion of Dijkstra's shortest path
algorithm, asin (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 distance between

Pls and POs and number of logic blocks in between).

4.2.3 Replication Tree

Since most circuits do not have large fanin trees due to recorvergence,we have devisedthe Repli-
cation Tree which enablesus to induce large fanin treesin a logically equivalent circuit. The idea is
bestillustrated 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 doesnot form a valid fanin tree due to recorvergence. To induce a fanin tree we
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(temporarily) make a copy of eat node in the tree (f;d;a;b;c). If the original cell is v and the copy
is VR, we assignconnectionsas follows: let uy;:::; ux be the inputs to v. If (uj;v) is a tree edge,then
vR receiwesits i'th input from uiR; otherwise, it receivesits i'th input from u;.

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
speakingit is a Leaf-DAG becausefor example\leaf" node c connectsto two cellsin 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 equivalert; 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 placemen cost which we have
incorporated into the embedding formulation and this point is crucial. We mertioned that placing
a node coincidertally with a logically equivalent node receiwes a \discount.” In the context of the
replication, this should now becomeclear { if the embedder placesvR at the same location as v,
there is no replication and thus, we implicitly only replicate the cells that yield the most signi cant
improvemert. A special casemay occur if node v has fanout of one. Then we still replicate but all
placemer locations receive a discourted cost, since no actual replication will ever occur.

Furthermore, over the courseof multiple optimizations, we may have more than two copiesof a cell.
Placemert costis assignedaccordingly in such situations (i.e., placemen with any logically equivalert

cell receivesa discourted cost, not only with the immediate sourceof the replication).



90

0

-

N O
N
N

Figure 46. Example of -slowest paths tree.

Clearly there are many treesin a timing graph which we may useto generatea replication tree.
For timing optimization, it is natural to focuson trees with slow paths. The slowestpaths tree (SPT)
can be thought of asthe result of nding alongestpaths tree from the critical sink in the timing graph
with the edgesreversa (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, dandj. Outputs arel and m. Sink m has beenidenti ed as critical. Edgesof the -SPT
are shovn with solid lines and dashededgesrepresen 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 possiblethat somecells overlap in the placemen (actually it is
very likely). The purposeof the legalizeris to resolwe those overlaps and move cells from congestedto
empty locations. We obsene that by moving cellsthat are on the critical path one may degradecircuit
performance. In order to minimize perturbations to the placemen and presene timing achieved in the
embedding phase(as much aspossible), we have adopted ripple-move strategy from (28). We have also
modi ed this strategy to incorporate timing as well aswiring information.

The legalizer is invoked after eath 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 placemen. If
an overlap-free placemer is achievable (i.e., there are enoughfree slots), the legalizer will resolve one

overlap at a time until the ertire placemern is legal.
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In the procedurewe rst identify an overlap location. If we have more than one overlap, we pick
the rst one we encourter while we scanplacemern for overlaps. We then identify up to four closest
free slots (one slot in eat quadrart, if they exist, assumingthat the certer 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 asthe di erence of costsof having a cell at the current and the neighboring slot.
This cost has wire and timing componert. 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 use half-perimeter metric augmened 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 approadcesthe critical delay (above 60% in our experiments) and zero otherwise (in this way,
movesthat arelikely to make a near critical path worseare discouraged). The costof a cell at particular

location is a composite of timing and wire cost:

C= Cr+( )Cw :

Gain of moving cell from current to new location is:

Gain = Ceurr Chew:
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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
placemen we move cells at most one slot during a ripple move. Another motivation for this is that
embedderhas a much stronger algorithm for optimizing cell locations, sowe want to keepcells as close
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 possiblethat 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 passof a single overlap

legalization.

4.25 Optimization Flow

Having intro ducedin previous sectionsthe core componerts of our approac to replication, we now
give an overview of how these componerts can be put together into a complete optimization ow. As
in (6), we begin from a valid timing-driv en placemen produced by VPR (42).

The top-level view of how our optimizer relatesto VPR is given in Figure 48: VPR is invoked to
give an initial placemern; we optimize the placemert by replication; we then give the result to the VPR
detailed router soasto accurately assesghe results.

Thus, our approac is not currently intended to replace any existing optimization stepsin the
ow but rather to complemen 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 sud a sophisticated algorithm is very small in the scope of the ertire ow (this hasbeenveri ed

experimentally).
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VPR Timing Driven Placement

Y

Placement Optimization by

Replication Tree Embedding

Y
VPR Timing Driven Routing

Figure 48. Optimization ow.

Algorithm:  RT-Embedding(C,P)
C: Circuit; P: Placement
al while (impr ovement)
a2 Static _Timing _Analysis (C;P)
a3 T  Extract _Replication _Tree(C;P)
ad Embed_Tree(T)
ab Post _Unify (C;P;T)
ab Legalize (C; P)
a7 endwhile

Figure 49. Replication Tree Embedding.

Another property of this approad is that we can stop at any time during optimization and have a
legal placemert of the circuit which canbe handed-o to router. In this way we have a exible optimizer
which can work within given time budget and stop at any time while guaranteeing that critical delay

would only improve (or remain asit was).
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Figure 49 illustrates the pseudo-cale of our main optimization loop. In ead iteration we start
with static timing analysisto 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 embedderwhich 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) sinceit is possibleto have equivalent cells that are not
exactly on top of eadh other, but closeenoughthat 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 placemert

legalizerto resole any possiblecell overlapsthat may have occurred.

4.2.6 Implemen tation Details

Here we present someof the algorithmic details such as delay model that we usedfor the experi-
mental evaluation and parametersthat we usedduring replication tree construction. Also we presen

someof the algorithmic enhancemets sud as post-processcell uni cation and ip-op replocation.

42.6.1 Delay Mo del

In our experimental setup we use essetially the sameplacemert-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 use more generaldelay models.



96

Intermediate step After

Figure 50. Example of cell uni cation.

42.6.2 -Slowest Paths Tree

As discussedpreviously, we usethe -SPT to guide replication tree construction. The value of

is initially setto zero and is dynamically updated in the main loop of optimization ow. Since
our approach has no randomized componerts, when no improvemert is found for a tree rooted at
particular critical sink, we would not be able to improve any further in subsequen iterations since
the samesink will still be critical and the sametree will be selected. We addressthis problem by
dynamically increasingthe value of when non-improvemer 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 cellsbut not quite on top of them. In this caseimplicit cell

uni cation will not occur. Howewer, it is possiblethat someof the equivalert 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 ead newly replicated cell we examine all their logically equivalert cells. If
any fanout cell of those equivalent cellscanimprove 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 cellsremain without fanout (i.e., no cell is using their output). In this casesud cell is
deletedasredundant. Oncewe delete a cell we have to examinechild count of its parents sincedeleted
cell could have beenthe only child of its parent cell and then parent itself becomesredundarnt. This
test is applied recursively up the path.

An exampleof this scenarioin practice is whenwe have a non-tree structure (DAG) on onesideof the
FPGA. Then in ead iteration a part of the DAG is extracted asa replication/fanin tree, optimized and
placedfurther away sothat replication must occur. In consecutiweiterations the other parts of the DAG
slowly migrate to the other side. Finally, the ertire DAG can migrate to the other side, in which case
replications, although necessaryfor intermediate solution, are now completely redundant. Uni ¢ ation
naturally handlesthis anomaly. Figure 50 shavs an example of uni cation. Before optimization we
had cell a and its replica aX. Cell a gets relocated to proximity of cell a¥. 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 cellsfor 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 possiblethat placemen 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 placemert at no extra run-time overhead;in our case,this
translates to simultaneous sink placemen. Due to the deterministic nature of the approad, 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 composed of solutions at all possible placemen
locations for critical sink (not just the initial location) and choosethe solution minimizing the arrival

time without introducing 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). Howewver we do allow
somedegradation of global delay, and in the main loop we save the best solution seenuntil this point,
sothat we can always report the best solution encourtered instead of the last one which 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 conductedin a LINUX ervironment 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
sud statistics are reported by the VPR timing-driv enrouter. We comparedour approac with Timing
Driven VPR (42) and with the local replication algorithm from (6). Table VI shows the experimental
results for 20 MCNC bendmark circuits. As mentioned earlier, we usedtiming driven VPR to placethe
circuits. In the rst data set we did not perform any additional optimizations. In the seconddata set
we optimized placemert by local replication® algorithm, and in the third data set we optimized place-
ment using our approac (RT-Embedding). All placemers were routed using VPR in timing driven
mode. Sincethe local replication algorithm is randomized, we ran it three times and took the best
result. 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 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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Circuit Timing Driven VPR local replication RT-Em bedding
normalized to VPR normalized to VPR
crit path [ns] wire crit path wire crit path wire
W1 Wis length blk W1 Ws length blk W1 Wis 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 7212 | 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
298 124.20 | 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 arguedin (42) that the former repre-

serts the situation how FPGA will be routed in practice and the latter is a good placemen evaluation

metrics. For post-place-and-route experiments we present both low-stress(Ws) and in nite-resource

(W1 ) 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
doublesthe averagedelay improvemert of the local replication algorithm. The largest improvemert
over local replication is almost 19%for circuit apex2, for which local replication wasnot able to improve
critical path delay at all. Obsene that wire-length degradation of our approadc 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 Wys).

Runtime overhead of our approad is very modest{ under 5% of the time of VPR ow (place and
route). Note that low-stressrouting critical path delay is slightly worse that the casewith in nite
routing resources.Degradation is consistert for all circuits in the test suites and also correlates with

low-stressrouting behavior conclusionsfrom (42).

42.8 Conclusions

We have preserted a generaland robust approac to timing-driv en, placemert-coupled replication.
Two items form the core of the approach. First we preseried 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 approac hasa number of interesting
properties including implicit uni cation of logically equivalert cells.

Around these core ideas we have built an optimization enginefor the FPGA domain and demon-

strated very promising preliminary experimental results.
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Finally, we arguethat the generalideasin this work hold great promise beyond the cortext studied
here. We suggestthat the techniques can provide useful bridges betweenplacemen, routing and logic
(re-)synthesis. Further, the graph-basedmodeling of the placemert target would seemideally suited to

many practical problems(e.g., placemer in the context of heterogeneous-PGA routing architectures).

4.3 Addressing the Eects of Reconvergence on Placemen t-Coupled Logic Replication

The approacd presenried hereis similar in nature to Section4.2 and (26). It is designedto address
issuesthat arise due to the reconvermgen® in the circuit specication. 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 placemen from VPR

(42) and up to 9% comparedto RT-Embedding replication algorithm from Section 4.2 and (26).

4.3.1 Intro 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, afanin tree embedding algorithm is proposed. In this problem,
giventhe root of a fanin tree (e.g.,a ip- op), atree 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 recorvergence,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 beingthe input of a ip- op), and, using replication,
induce a geruine 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 oneis not concernedwith area/cost overhead. Of course,in
most practical situations we cannot ignore sudh fundamertal designobjectives.

Although the approad in Section 4.2 and (26) was able to achieve larger improvemert than (6)
in minimizing critical delay, a signi cant number of circuits from the test suite have non-monotone
critical paths.

It this sectionwe analyzee ects causedby recorvergencein netlist speci cation on the Replication
Tree construction. These e ects prevent the fanin tree enbedding algorithm to \straighten" 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 usethe samereplication tree
construction algorithm we propose a new fanin tree enbedding scheme which has more successin
addressingrecorvergenceissuesby optimizing sub-critical paths. Sincethe optimization framework is
iterativ e in its nature, we optimize sub-critical paths hoping to create better optimization choicesfor
subsequen iterations of the ow.

Section 4.3.2 describes the problem causedby optimal cost/max-arriv al-time embedding of the
replication tree which is linked to netlist recorvergence.We introduce modi ed fanin tree embedding

approac that optimizes sub-critical paths in order to addressrecorvergenceissuesin section 4.3.3.
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Figure 52. Example of recorvergencee ect on the replication tree.

Section 4.3.4 gives a top-level ow of the approach. Experimental results are preseried in Section

4.3.5. We discusspotential problemsthat are still present and concludein section 4.3.6.

4.3.2 Eects of Reconvergence

Sincemost circuits do not have large fanin treesdue to recorvergence,in Section4.2.3we proposed
the Replication Tree which induceslarge fanin treesin a logically equivalert circuit.

It soundsnatural to use optimal cost/max-arrival-time fanin tree embedding algorithm on repli-
cation tree (as in Section 4.2 and (26)). However, the optimality of the embedder createsa problem
when recorvergenceis presen. Let us use and example to illustrate this issue. In Figure 52 on the
left we have an extracted critical sub-circuit. Inputs are nodesa, b and c. Internal nodesare d and
e and sink is node f . Nodesthat are xed are represerted by squaresand movable/replicable nodes
are represenied with circles. Let as assumethat nodes a, b and ¢ 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 sincethere
is a recorvergenceon node e we will have two nodes: movable/replicable e? and xed node e, where
recorvergence\breaks". When we apply the optimal cost/max-arriv al-time tree embedding algorithm
to this replication tree the fastest solution with smallestcostwill have internal nodesplaced at exactly
the samelocation as they originally were (on the left in Figure 52). Path from a to f is not critical.
Sincepath from eto f is monotone, it cannot be improved any further and initial signal arrival time at
eis setto 2 units, soarrival time at f will remain 3 units. The embedderis not going to over-optimize
sub-critical path that goesthrough node e? and this will yield minimum placemen cost for node eR
and dR which is achievable by placing those nodeson top of d and e respectively. * 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 Over-optimized Tree Embedding

In the fanin tree embedding problem we are given a fanin tree, placemen of leaves (inputs) and
root (sink), arrival times at the inputs and a target placemert region (in our casethis is encaled 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 (typically there is a tradeo betweencost and arrival time).

INote that there are somerare exceptionswhere savings in wiring resourcescould outweigh the replication
cost for e} and the path could be straightened, and then in subsequen iterations node e could be moved as well
and uni ed with new location of eR, but a signi cant amourt of luck is required.
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To addressthe optimalit y issuepresenied 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 bad to the examplein the Figure 52, if
we could optimize delay of the second critic al path then the recorvergencecould be broken and in the
next iteration we could potentially optimize the remaining path of the critical net and achieve global
delay improvemert.

Dynamic programming approac for fanin tree embeddingin 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
represerted by its signature (c;t), indicating that this sub-solution incurs cost ¢ and has latest arrival
time t at i. The variant is called 2-dimensional since solution signature contains two parametersthat
we are simultaneously optimizing (in this case,cost and max arrival time). In Chapter 2 onecan nd
a description for more complex 3-dimensional case,i.e., simultaneously optimizing three parameters.
Howewer, top-level algorithms for 2D and 3D caseare almost the same and the major di erence is
how someof the primitiv esare handled. Pseudo-cale of tree embedding algorithm is showvn 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) aect the run-time of proposedapproac. Also it
would presen signi cant problem if we would to try optimizing additional 2 or 3 critical paths, since
we would have to increasenumber of dimensionin the embedding algorithm which could yield higher

complexity.



Subroutine:  GenDijkstra(AP; G)
AP: Joined solutions; G: Target routing graph
dl A ;
d2  for ead solution in AP(v)
d3 Insert AP(v) into Queue
d4  endfor
d5 while Queueé6 ;
dé vi  Top Queue

d7 if Solution (v;) is not suboptimal

ds A(vi) A(vy)[ Solution (vy1)

do for ead edge(vy;Vvy) adjacert to v,
di0 Vo Augmen t(vyi; V)

di1 Insert v, into Queue

di2 endfor

di3 endif

d14 endwhile

dl5 return A

Subroutine:  JoinTree(T; G)
T: Topology subtree; G: Target routing graph
cl for ead vertexv2 G
c2 AP[v]  Join (A:left[v]; Aright[v])
c3  endfor
c4 A GenDikstra (AP;G)
c5 return A

Subroutine:  ComputeSubTree(T,G)
T: Topology subtree; G: Target routing graph
bl if(leaf(T))
b2 A(T) Computelnitial (G;T)
b3 else
b4 A(T:left) ComputeSubT ree(T:left; G)

b5 A(T:right) ComputeSubT ree(T:right; G)

b6 A(T) JoinT ree(T;G)
b7  endif
b8 return A(T)

Algorithm:  TreeEnmbedding(T; G; s)
T: Topology; G: Target routing graph
S: source node
al A(T) ComputeSubT ree(T;G)
a2 Final  Augmen tRo ot (A(T);s)
a3 return Final

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-cale, in 2D case,if we keep solu-
tions sorted in the list, dominancetest is trivial (ched the tail of the list) and takesconstart time.
Howevwer, 3D caseis more complex and balancedbinary seart trees are neededfor e cien t dominance
test. Another di erence is in the implementation of Join primitiv e in Line c2 which joins two sets of
sub-solutions. In 2D caseJoin could be performed by linear traversal through sorted solution lists,
while in 3D casewe have to perform a crossproduct o all sub-solutionsin those sets.

In our case,solution signatureis atriple (c;t; t2) (cost, critical delay and sub-critical delay). Obserwe
that sub-critical delay cannot be larger that critical delay. This meansthat we have a total order of
non-dominated solutions which meansthat 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 keepthe 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 asit happensin Section
4.2. Unfortunately, for Join 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 merntioned earlier, in the bottom-up DP procedure we must combine candidate solutions
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from subtreesto form new candidate solutions. At internal nodei in the tree and vertex j in the graph

we join single sub-tree solutions as follows:

C = pjte+to+itg

~—+
1

max(ty;to; i tk)

t2

max(fty;to; i teg[ ft21;t2;;:t2¢gnftg)

where k is the number of inputs for gate at i, and p;; is placemen cost. We will refer to this version
asLex-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 recorvergencesin the
circuit description it is possiblethat 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

shawvn bellow:

C = Pttt i+
t = max(ty;ty; i tk)
t2 = max(fty;ty;nnteg[ ft21;t2;;::t2cgnftg)

t3

max(fty;to; it ft21;t2; 00 t2¢9]

ft31;13p; 5 t3kgnftgnft2g):
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One other scheme of interest is to additionally optimize path from some specic 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
recorvergenceterminators). Among those inputs we canidentify critical input, asthe 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 setto 1 for the critical branch and 0 otherwise. The join operation

for Lex-mc (max and critical) is as follows:

C = pij+C+Ct+ i+ 0

t = max(ty;to; i tk)

tc = tcy wip+tcr wo+ i+ ek Wy
W = W+ W+ o+ Wy

Going badk to the example in the Figure 52, we are able to adchieve solution on the far right by
applying the Lex-3 variant of the embedding algorithm. In the rst iteration, paths from band 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 recorvergenceis \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 e} and thus uni ed with it, achieving con guration on the right. Figure 54 shows how in two
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f

Selected sub circuit After first iteration Optimal solution
after second iteration

Figure 54. Example of applying Lex-3 version of the algorithm on the samesub-circuit in two
consecutiwe iterations. Sub-circuit on the left is transformed to the onein 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.

consecutiw 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 ow

The top-level view of how our optimizer relatesto VPR (42) is similar to (6), (26) and Section4.2:
VPR is invoked to give an initial placemern; we optimize the placemen by replication; we then give
the result to the VPR detailed router to accurately assesghe 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 hasbeenveri ed experimentally).

In ead iteration of the replication loop we start with static timing analysisto identify the most

critical sink. We extract a Replication Tree with the critical sink at its root asin 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 costand
delays. After the embedding phasewe analyze circuit for possible post-processuni cations, since it
is possibleto have equivalent cells that are not exactly on top of ead other, but close enough that
unifying them would not harm timing. As a nal step we invoke timing-driv en placemer legalizer (as

in (28) and alsoexplainedin Section4.2) to resolve any possiblecell overlapsthat may have occurred.

4.3.5 Exp erimen ts

We have performed someinitial experiments to evaluate e ectiv enessof proposedtechniques. The
experiments were conductedin a LINUX ernvironment 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 approac: Lex-mc, Lex-2, Lex-3,
Lex-4, Lex-5 1 with Timing Driven VPR (42) and the RT-Embedding replication algorithm from (26).
Table VI 1 shaws the experimental results for 20 MCNC bendimark circuits. Due to spaceconstraints
we decidedto include complete results only for Lex-3 version. In Table VIII we report averagevalues
for the sameset of 20 MCNC bendimark circuits for all comparedalgorithms (as in the bottom rows
in Table VII). In addition we have divided circuits info small (< 3K cells) and large ( 3K cells)
basedon the number of LUTs they have. We presern the averagenumbers for small and large group
aswell. As mentioned earlier, we usedtiming driven VPR to place the circuits. Then we applied the

corresponding algorithm to optimize the placemert and re-syrthesizethe net-list. All placemerns were

1 In fact, we have implemerted \Lex-N" version of 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 represerts the situation how FPGA will be routed in practice and
the latter is a good placemen evaluation metrics. For post-place-and-route experiments we presert
both low-stress(W ) and in nite-resource (W1 ) critical path delay numbers. Reported numbers are
normalized to VPR results.

From Table VI 11 we can seethat Lex-3 hasthe bestaveragedelay improvemert amongall proposed
algorithms. We also obsened that the average improvemert for larger circuits is better then for
smaller ones, which is encouraging since majority of circuits today belong to the large group. The
averageimprovemert over RT-Embedding for large circuits is 4% of the initial (unoptimized) delay.
Indeed this may look as a small improvemert, but it is averagedover 20 circuits and not all could be
equally improved. The bestimprovemert is 9% for the circuit s38417, improved from 0.93to 0.84 (see
Table VII). For elliptic  we have 7% improvemert 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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Circuit Timing Driven VPR RT-Embedding Lex-3
normalized to VPR normalized to VPR
crit path [ns] wire crit path wire crit path wire
W1 Wis length blk W1 Wi length blk W1 Wis 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
s$38584.1 | 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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COMPARISON OF AVERAGE IMPROVEMENTS (RT-EMBEDDING, LEX-MC, LEX-2, LEX-3,
LEX-4 AND LEX-5)

Algorithm Average Averagefor small ckts Averagefor large ckts
normalized to VPR normalized to VPR normalized to VPR
crit path wire crit path wire crit path wire
W1 Wis length blk W, Wis length blk W1 Wis 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 improvemern over VPR is almost 38% for circuit pdc, and we have 9 circuits with im-

provemert larger than 20%. Amount of cellsintroduced by replication is on the averageonly 0.9% of

the total number of cells. Howewer, usageof wiring resourcesincreasedto 15.8%on the averagecom-

pared to 8.4% increaseof RT-Embedding approac. It looks a bit surprising that such small amourt

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 aggressie in

attempts to unify replicated cellsaslong asthey do not violate current critical delay, hoping to clean-up

intermediate replications as much as possible (Section 4.2.6.3 preseris somestatistics on uni cation).

The biggest wiring overheadis 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 overhead of almost

33%and it's density is alsolow, only 58.5%. This suggeststhat we have to revisit uni cation strategy

for circuits of smaller cell density.
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Figure 55. Averageimprovemert for all 20 MCNC bendmark circuits.

Runtime overhead of our approad is very modest { under 5% of the time of VPR ow (place and
route) and comparableto RT-Embedding.

In Figure 55, Figure 56 and Figure 57 we have plotted valuesfrom Table Table VI1I. On X-axis we
have algorithm variant, and on Y-axis we have scalenormalized to VPR results. It can be seenthat
all over-optimization approadeshave similar max delay improvemerts 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 recorvergencein circuit description preseris an obstaclefor further timing
optimization by approad preseried in (26). Our proposedapproad of optimizing sub-critical paths

doesseemto addressthe recorvergenceissue,but still needsfurther improvemerts.
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Figure 56. Averageimprovemert for small circuits.
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Figure 57. Averageimprovemert for large circuits.
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The issueof most concernis the potential overuseof wiring resources.We believe that the aggressie
uni cation strategy createsexcessie wire usageproblems, which may lead to routing problems and
degradation of circuit performancedue to routing congestion(i.e., routes needto take detours around
congestedregionsthus increasinginterconnect delay).

The tree embedding algorithm itself canbe usedto better addressthe routing issue,sincein a certain
extent it does perform global routing. We could run the actual routing algorithm on unoptimized
circuit. Then usethe actual channel occupancyto assignwire costsin the embedding graph which is
then usedby the tree embedder. In this way embedder is biasedto place cellsin regionswith smaller
wire utilization.

Another anomaly that we have obsened is that somereplication trees are constructed from sub-
circuits that do not recorverge. 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 possible solution would be to
invoke di erent versionsof the tree embedding algorithm basedon the amount of recorvergencethat

we encourter while constructing the replication tree.



5. CONCLUSIONS AND FUTURE WORK

We presented universal encaling schemesfor interconnect synthesis and an optimization engine
based on said schemes. The fundamenal problem addressedis that of bu er tree synthesisin the
presenceof a variety of real-world issues.The cortributions of the work lie in both the genericencading
of topology and embedding spacesand the generality and robustnessof the underlying engineoptimizing
within those spaces. It is showvn that a number of well-known algorithms can be described in this
framework. When one considersthe di cult y and involvemert in implementing someof the published
algorithm (like P-Tree), by separating solution spacecoveragefrom core optimization we also provide
a tool for fast prototyping of new topology spaceheuristics.

The method preseried above was initially designedfor timing optimizations with an ultimate goal
of clock cyclereduction. In somecases,power consumption and/or designdensity presert more serious
obstacles. The generality of the above approach and underlying graph target are suitable for almost
arbitrary cost functions and optimization objectives. Researt could be extendedto focus on how we
can utilize above techniquesfor optimizing power consumption and overall designdensity managemen

In Chapter 4 we have intro ducedthe Replication Tree and preseried an optimization enginefor the
FPGA domain which is built on the U-Tree framework. We suggestthat the proposedtechniquescan
provide useful bridges between placemen, routing and logic (re-)synthesis. Further, the graph-based
modeling of the placemen target would seemideally suited to many practical problems(e.g., power and

designdensity managemenm or placemert in the context of heterogeneouds-PGA routing architectures).
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Our goalis 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"” approad is the most likely to yield practical advancesin the
eld.

It seemlausiblethat similar framework could be extendedto ASIC domain. In this casestructured
nature of FPGA designscannot be assumedand we have to apply more generaldelay and embedding
target models. The FPGA optimization package could be adapted to utilize techniques preserted for
fan-out tree optimization (with somemaodi cations) and apply them for fan-in tree optimizations with
simultaneous bu er insertion in ASIC domain.

Work can also be extendedto 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 universaltree embedding algorithm (U-Tree). However, the exponertial behavior
is obsenedin 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
exponertial behavior on DAGs can be reduced within acceptable margins and also study potential
heuristics that could diminish exponertial 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. Obsene that in fan-in tree embedding problem, topology
spaceis always a tree, as opposedto S-Tree and SP-Tree solution spacewhich hasto be represerted
by acyclic hypergraph. In regular two phase optimization we would rst run technology mapping

algorithm and then passthat topology tree structure to the embedder. Howewer, the tree traversal of
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a simple recursive technology mapping algorithm can be represetted by directed acyclic hypergraph,
which is compatible with the U-Tree engineand its topology spacerepresertation. Having this, we can
usemodi ed technology mapping algorithm to construct topology spacehypergraph and then usethe

U-Tree enginemodi ed for fan-in treesto solve the problem with combined objectives.
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