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Some points to consider

Physical Design Problems are getting harder
o Size, Concurrent optimization, DSM, ...

Novel/effective algorithms are essential in, coping with
the complexity
o (mincut vs congestion)

Analysis of these algerthms, are of fundamental
Impoertance
o We'can then concentrate: en Gliier Issues/parameters

Noevel algenthimic paradigmsineediio e tined




In this talk

Talk about paradigms that have been (can be) used
o Upper-bound transformation

Seemingly unimportant concepts can be very powerful
o Proof of a greedy algoerithm

AWerneed o) make research progress (abstract/iong
lermin adaitien e therusual iiacks).




Propblem Transformation:
Upper Bounad




Formal Definition

o A s X(n)-transformable to B:
e The inputto A Is converted to a suitable input to B
o Problem B Is solved

o The output of B Is transformed Into a correct solution te problem
A

o Sieps i & itakesx(n)time
o Upper Bound via lransfermalllimy:

IFBican e selved in i(n) time andfASs, X(n)-transfermalle
10 B} then Aican e selved mln)) + O(X(n)) tme:

s @ualiy efiftherselutien o)A
o BadlexamplesfindmgimimnieiialistViaiseriing @(n) tansienm
s GuediexamplerelementungUuERESS Via Serting @) transienm




Multi-way Partitioning Using Bi-partition
HeuristiCS [wang et al]

INPUL:
*A target graph to be partitioned.
ok: number ofl target partitions.

@ UL
Each vertex In the tanget graphigets assigned te one of thetarget partitions
INUmers of vertices among target partitions are “the same” (halanced).

@l[ECNVE:
Thenumliser off edgesheiween target partitiens(net-cut)is minimized.




Example

Target Graph

Bi-partition, net-cut = 2

R
/N \
o \ s~
S o (f -~ N Y \ - .
3-way partition, net-cut = 4 > — =Ky

4-way partition, net-cut =5




FM (and FM++): The Industry
Standard for Bi-Partitioning

o Eachverexias a gain: asspciaieadWitnii
s [heverexwitartae Biggest gam willfse imoved.




Possible Approaches For Multi-Way
Partitioning

o Direct extension of FM. Each target vertex has
k-1 possible moving destinations.

Using bi-partitioning heuristics (problem transf):

» Hilerarchiical approach: Recursively bi-partition
thetargen grapin (A2 24591 pa il Gnie 0 0 GRWEY)
o Elial approach: ltertively, Iimprove the k-\Wway
partition result by perferminglecal 1=
ceirifilanlrle) ( €(8,2) = 28 o fore g gelfifilor) ie
clo Szl




Why problem transformation?

o [he direct extension of FM approach does not
yield good partitioning results in general.

o [he state-of-the-art bi-partitioning tools are very.
effective.

o It IS straightferward (little: R&ID) e selve multi=
Way, partitiening prokliem: using existing bl
pParitioning teels;via hierarchicalier fiat
APPrOAGHES:




Bi-partition Algorithms

o A d-approximation algorithm: the bi-partition
result is/less than or equal to; dCop.

o Ania-halanced bi-section preblem: the: number;
Of NOJES N each partition Is, hetween an and (4-

an. (ATperfectiy halanced PIESEClen pPreklenis
a 0:5-halanced prewlen:)




The First Cut

Cuy =g +tetetg<=gt+te+tetegte+g<=dOPT

ISPD - 2001




The Second Cut

Optimal solution

Cut,<=d(e +te,+e;+e+e+e)

.




Conclusion

o For hierarchical approach:

C..=O(dlogk)C,




The Flat Approach

C..= O(dk)C,




Variations of Flat Approaches

Random: randomly pick two partitions at a time.

Exhaustive: use a specific sequence to exhaustively
pick all'pessible paris of partitions.

Cut-hased: pick a pair or twoe, moest tightly or loesely,
connected partitions.

Gal-haseds pick: a pall of two) partitions hetween
WhICH the: cutsize reduction isimaximumier mimmum
during |ast pass:




Multi-pass Flat vs. Hierarchical

best of allway

hie. vg. all-way

net-cut

runtime(s;
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than the all-way approach.

The hierarchical approach is more effective




Conclusion

o The hierarchical approach is the correct way to
solve the multi-way partition problem using a
state-of-the-art bi-partitioner.

o Problem transfermation can be verny pewerful (or
very weak)

o Allittleranalysisigees: along way: (and results
Can ke counterntutive)




Practicall Implications; off Lower
Boeund Analysis




Formal Definition

o A s X(n)-transformable to B:
e The Inputto A Is converted to a suitable input to B
o Problem B Is solved

o The output of B Is transfoermed into a correct solution te preblem
a

o LLOWERBouRdiViaslransioenmaniiiy;

[IFAVS kewn te; require; Ii(n) tmeand Aus X(n):
transiermanieito)B; then Bireguires at least 1i(m))-
@(X(m)time:







Proofs of NP-Completeness are important
because

o Knowledge of NP-Completeness points out that research must be
directed towards finding efficient heuristics and not optimal
algorithms




Case Study: Global Buffer Insertion

o Problem NP-Complete in the Load Dependent
Delay Model




Transforming 3SAT to Buffer

Insertion
3SAT Problem : C = (Xi + Xj + Xk). (X1’ + XI + Xm’)

? r=>5

a=1b=04 a|:3 b=0

7T NN

Connected to Clauses Where  Connected to Clauses Where
Xl appears as positive phase Xl appears as negative phase

=
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Transforming 3SAT

/

If the net BIAI IS
buffered then the
required time at one

set of fanins i1s 2 and
at other set of fanins <
1ISO




Transforming 3SAT

/

If the net BIAI IS not
buffered then the
required time

behavior becomes
opposite <




Observations from Transformation

o Buffer Insertion on net BiAI helped one set of
fanins and was not beneficial for the other. No
buffer insertion had the opposite effect.

o [Nis happens primarly because the load
sensitivity: () of: gate Biiis; different for different
Sets e MpUL pIns

s e prekiem hecame NPEComplete primarily.
PECcAlISE el ead sensiivity () Ter different
IMPULRINS Gff argatelis difierent




Observation from Transformation

e Since each input pin has different load
sensitivity, an optimal buffering solution
W.I.T. a particular input pin of the net
connected at the output of the gate, may: not
be optimal W.I.t. other pins. Hence the
preblem is NP-Complete




Practical Implications

o If all gates of a circuit have the same load
sensitivity then the problem: is optimally solvable
(If the local problem is optimally selvable).

o FAanout Optimization on substructures which
nave: similar value; efi b will be more: effective

o 111 alSE;SUGEESIS MEOEOIEFIES: 0]
PALILIGAING the: CIrcuIt




Conclusion

o Proofs of NP-Completeness can give a deep
Insight into the optimization problem. They also
assist algorithm designers in finding usefull ways
of solving the problem.

o Who will preve: these things?




Proof off Greedy Algorithms




Greedy Algorithms

o Make a locally optimal choice to achieve a globally
optimal solution

o Caorrect greedy algorithm often the simplest

o Example: Primis Minimum Spanning Tree algorithm

o lteratively grow, the spanning tree
o Select edge whichiadds minmmum value at each step




Proof of Greedy Algorithm Correctness

Correct greedy algorithms exhibit two properties:

o Optimal substructure

o Optimal solution to the problem contains optimal solutions to
sub-problems

o Stopping Prim's MST; algorithm at any instant gives optimal
MSI for the currently “spanned™ nedes

o Greedy choice property.

o Glohally eptimaliselutioncan e bullt using|a series; of lecally
eptimal ChieICeS

Optimal Sulkstructure
d MSTT for {a,b,c}

i Gleedy Cholce

Next edge Is minimum
wieghted conmnected
edge (c,e)
ER

UCLA




Greedily Solving NP-Complete Problems

o Use greedy solution as an optimization starting point
Add more complex optimizations to greedy algorithm

: Better Steiner Tree
Stauct with M ST

Optimize Edges




Use of Greedy Algorithms

o Simple
o Analysis may reveal interesting properties
o (Can be used as heuristics In selving related problems




Greedy. Vs Gloehal




Slack Assignment Problem

e Combinational network —» Directed-acyclic graph

o GIven a delay model and timing reguirement,
calculate node slack: s(v) =r(v)—a(v), vI V

o Slack distribution: S(V)i=[s(V4): S(V5)) ---» S(V)]
tetalisiacks [S(V)| = Sis(v))
o Slackiassignments assigniincrementalidelays
BIR)(V2) = [Bel(2)); Rel€Z)), o2 Bel(7) [iie)V/

IFSH)EN O LE S| ackeassIgnmEnRGIS effectverand
DR ISs calledfefiecliversiacks




Slack Assignment Problem

o Potential slack: maximum effective slack |DD, (V)]
o A slack assignment is (glebal/) optimal If it leads to
potential slack.
e Slack distribution S(V) = [55 5]
2/7/5

e DD(V) =[2 1 1] Is;a slack
@ (V) =1 ]

35 assignment
< o DE\)=HSIS 0] ISt aetier:

(0 S|ackiasSsIgRmeEn
21715

s AV Potential slack = BB (V)| = 10

Unitaelay _,®_,

model




ZSA: Greedy

o Slack represents an upper bound of delay increase
while keeping timing perfermance
o Lero:-Slack Algerithm (ZSA) [Nair et al;, 1989]:

21715 |
@ 3/8/5 ° ASS'gn Dd = 25 to Vl and V3 eaCh

@ o Slack distribution becemes [0 2.5 0]

s ASSIgnI Dd = 2.5 10V,

s\Werhave slack assignment [2.5 2.5 2.5]
2[7/5

a(v)/r(v) /s(v)  with effective slack of 7.5

Uit delay, _>@_>

model




Potential Slack (PS):  Basic Idea of Finding RS

o I 1y to Identify a maximal-independent set to
Increase slack (effective slack):

2 --- Select v, and v, for slack

2 : :
/\” () assignment since v, and v; are
slack independent nodes

> --- Potential slack = 4

o) SUENASIBCKESERSIHVIN IO IEWNCESIACK

Penaliy/-—WhHenPdis assignea e neueV; e S|acks
OIRVSTNEIghREIS may e reduced:




Potential Slack (PS):  Basic Idea of Finding RS

An example of slack sensitivity

--- Slacks of nodes v and v, are
larger than these of v; ~ Vv, , the
former being sensitive to the latter

- Order ofi nedes for slack
assignment ISHImpojitiant

—= EliSt SElecting Ve andiVe gives
PEer result

DD =81 1033], |D1D|:11/
DD =1 11055], D)D) =13

e dififerent Slacki assignments:




Potential Slack (PS):

- f

o /SA:

o Optimal:

A typical example

D,D(V) | = (fi+ 1) s/ 2

D.D(V) [=fs

. |D.D(V) |» 2 |DD(V) | for f >>1

o Totalislack = (1 + 1)is




Algorithm;: theoretical results

Theorem 1 [Chen-Sarrafzadeh, ICCAD 2000):

Maximal-Independent-Set based Algorithm
(MISA) generates an optimal slack assignment.

Theorem 2:

The time complexity of MISA is O(n2) , where
QIS the RUMIGEr 6if NeEES IRl a gIivVEeR giiapi.

(IFtee complex; bulld Reurstics areunad It)




Application: gate sizing problem

o Use slack assignment result to select gates to
De down-sized.

o High poetential slack promises significant
areal/PewWer reduchion.




Application: placement problem

 Potential slack (PS) can be translated into the
freedom/flexibility of all signal nets during physical
design phase. The more potential slack, the easier to
route signal nets without vielating the timing constraints.

sPotential slack based results are very effective




Conclusions

e Global algorithms are harder to design and
analyze, have higher time complexity, however
can produce good (optimal?) results.

o|s it worth it? Deep understanding on the
structures of the solution

*\What If too complex to implement?

\What If takes too much time to run?




Approximation Algerithms




Approximation Algorithm

Problem : P

Objective : minimize f ( f* : the optimal value)
Instance [ 1 P

a-Appreximation Algerithm A (Heuristic) for P

f(1,A) £a.f (1)




Approximation Algorithm

o How to Evaluate Quality of Heuristics?

1. Analyzing the data obtained by running on set of benchmark
> Only comparison among set of samples!

2. Deriving Lower Bounds or limits: of, approximability using
approximation analysis methods

= Not Easy te Analyze: Lower; Beunds!

o, WhaticananalyzZing perermance ofian algertim el us?
o [ therappreximation|is, geed eneugn




Example: Clustering Algorithm

o Problem:

o Given an undirected weighted graph G, objective function f,
and integer k,

o Partition the graph into k clusters such that value of fis
minimized.
o a-Approeximation Algerthm:
o Proposed by Gonzalez (1985)
o, ASSUMPLGNS:
s (GIS CompletelGraph

o [F ISt mnmiZzethiemaximumwerghtefjan edgeinsidealcluster,
o Werghts efiedgesisatisiy trianglermequality

s Complexity=@((ke )
o MISHUMBEERGHINGUES IaraphG




Example: Clustering Algorithm

Generate two clusters on complete graph G (k=2).




Example: Clustering Algorithm

o Generate a cluster including all the nodes.
o Pick an arbitrary node as of current cluster.




Example: Clustering Algorithm

o Select the node that is connected to the head of cluster through the
edge with greatest weight




Example: Clustering Algorithm

o Select the node that is connected to head of its cluster through the
edge with greatest weight.




Example: Clustering Algorithm

Separate the node, being the head of new cluster.

2




Example: Clustering Algorithm

o Move the nodes inside the clusters connected to head of new
cluster with lower weight compared to weight of edges connecting

those to head of other clusters. @




Example: Clustering Algorithm

e Move the nodes inside the clusters connected to head of new
cluster with lower weight compared to weight of edges connecting

O

those to head of clusters they belong to.




Example: Clustering Algorithm

A




Example: Clustering Algorithm

o It has been proven:

Computed approximation beund s the hest pessible
ferssuch preblem (unless P=NP).

s impliesithat preklen e approximaten witam
2- elIsiNP=Eomplete:




Analysis of 2-approximation clustering algorithm

o his defined as the maximum weight of edge inside clusters
connecting to head of cluster.
According to triangle inequality no edge in clusters has greater
weight than 2 x h (G Is a complete graph).




Analysis of 2-approximation clustering algorithm

o« Node A is connected to head of cluster with weight h.
e Since Node A has not been chosen to be head of other clusters

(before or after cluster 1 was constructed), it implies that the weight
of edges connecting Node A to heads of, other clusters are at least h.




Analysis of 2-approximation clustering algorithm

Node A and heads of clusters (k nodes) generate a k+1 clique.

Weights of edges in clique is at |least h.

If there is a (k+1)-cligue with edges having greater. weight than h, at least
one edge of this clique will be inside one of the k clusters.

(k+1)-clique of weight h observed in G
> *(G) = h

— [k+1 cligue




Analysis of 2-approximation clustering algorithm

o« Maximum weight of an edge inside any cluster is great than h.

o In/solution obtain by approximation algorithm, no edge with
weight greater than 2 x h Is inside any cluster.

f(AG)£ 2xf (G)




Conclusions

o Important to analyze algorithms

o Better to starnt with)a simple algoerithm, analyze
It, add more localloptimization methods, and
Impreve the perfermance

o Lt computatienalleffernt guide us;tewards; e
Correct read (erdevelepheieralgethms ior:
nard preplems:




Prebabilistic: Algoerthms




Probabilistic Algorithms

o Definition — an algorithm that makes random choices
during execution

o Examples
o Simulated Annealing
o Genetic Algorithims
o Karger's Contraction Algerithm for: Clustering

. Use prohablistic analysis o) give:
o EXpecied runtime
o Boundfoen selutioniguality,

PhelakllisticialgertamsS oitenNnNastels ane easier teNmplcment

aiid deSCHbE thanfcomparaIerdeteInInIStc algerHNmS
ER

UCLA




Contraction Algorithm for
Clustering/partitioning

Input: directed acyclic graph G = (V, E), number of
partitions k

Output: k sets of vertices

pPegin
while: V] >k

de chieese and edge e(u,Vv) at randem
contract et uandiV,

end

SImplerierdeschlseVItRIgerE FURIE
ziplel gjatipiel o) soltfilen e[tz by




Example

o Edge contraction
o Remove vertices connected to edge
o Replace with one vertex and maintain connectivity

Contract Edge

=sSimples AlgerbtRmanVithPAREINSIS
ViEIGSTPeWERLINESHILS




Solution Quality Properties

Using probabilistic analysis we can get bounds on solution quality

Theorem:

Corellany: Ihwe pererm @(R=login)inmdependent: contraclions 1o
WoVErtices; Welind aimin:-cutwitiirRignTprehalari iy

Mo W DT fasiar coroina s Witk EN




Proof of Theorem

o« Choose r - 1 vertices at random, each of these vertices
IS In Its own cluster (r = 4)

o [he remaining vertices are in the final cluster

o fiIS the number; of ' edges cut (f=4)
o MiIS the number of graph edges (m =5)

Prepanlliythatasingleredaensicut
ER

UCLA




Proof of Theorem (Cont)

o fIS Noless than the value of the minimum r-cut, E[f] Is
the value of the mimimallcut

o [he prohability that a particular minimum, r-cut Survives
the reductions: precess until there are i Vertices
remaining|is, at least




Insights into Clustering Problem

o Probability theory also gives tremendous insight into the
clustering problem

o Corollary: The number of mmimum r-cuts ofia graph Is
no more. than O(na=D).

o Corollarny: Thenumber of r=Cuts, Withiia lactor ofi k. of
the eptimum Is;O(n2=h);

“Slrrole aragzigllisitie zlfejalirins efi/e e|tizt iy zinjel
URWMENIEURESERENRSIERNRLENENGIEli)




Don’t be afraid to try wild ideas

o Crossing-based placement
o Embedding into intermediate graphs (netlist to: mesh)




Final Comments

Algorithm innovation is needed in all aspect of PD
More so, as problems are getting more complex

We need to look at
o NEew paradigms,
o novel algoerithms,
o GOncepts thatimay net.go mtea CAD teoll(rnght away)

WhoIs responsiblefer deing all these?
o INAUStHY
s Academia




