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Abstract— With ever shrinking device geometries, process path in the manufactured chip is critical. This concept &al
variations play an increased role in determining the delay 6a  extended to edge (node) criticalities in the timing graph of
digital circuit. Under such variations, a gate may lie on thecritical a circuit, i.e., the probability that a path passing throtigt

path of a manufactured die with a certain probability, called the . L 4 .
criticality probability. In this paper, we present a new technique edge (node) is critical. To this end, works like [2], [8] arib]

to compute the statistical criticality information in a digital circuit ~ attempt to compute the criticality probability of edges in a
under process variations by linearly traversing the edgesni its timing graph, using a canonical rst order delay model.

timing graph and dividing it into “zones”. We investigate the  QOne of the earliest attempts to compute edge criticalities w
sources of error in using tightness probabilities for criticality proposed in [13]. The authors in [13] perform a reverse trave

computation with Clark's statistical maximum formulation . The | of the timi h ltiolvi iticalit bakiks of
errors are dealt with using a new clustering based pruning sal orthe timing graph, muitiplying criticality probaligs o

algorithm which greatly reduces the size of circuit-level atsets nodes with local criticalities of edges, incorrectly assugn

improving both accuracy and runtime over the current state d the independence of edge criticalities despite structanal

the art. On large benchmark circuits, our clustering algorithm spatial correlations in the circuit. Subsequently, thekini8]

gives about a250X speedup compared fo a pairwise pruning ge neq the statistical sensitivity matrix of an edge in the

strategy with similar accuracy in results. Coupled with a lccalized . . . L

sampling technique, errors are reduced to around5% of Monte tlmlng. graph with .respect.to the circuit output delay, F:Olbﬂqﬂl,l

Carlo simulations with large speedups in runtime. by using the chain rule in the backward propagation of the
timing graph. Due to the matrix multiplications involved,
the complexity of their approach, although linear in citcui

. INTRODUCTION AND PREVIOUS WORK size, could be potentially cubic in the number of principal

With scaling technology trends, process parameter vargemponents if the matrices are not sparse.
tions render the delay of the circuit as unpredictable [10], In [2] the authors perturb gate delays to compute its effect
making sign-off ineffective in assuring against chip fadu on the circuit output delay. The complexity of computatisn i
Moreover, conventional Static Timing Analysis (STA) is unreduced using the notion of a cutset belonging to a node in the
able to cope with a large process corner space. To tackle thising graph. A cutset is a minimal set of edges, the removal
problem, over the recent years, CAD tools have accountefl which divides the timing graph into two disconnected
for variability in the design ow. Of foremost concern is tocomponents. A key property is that the statistical maximum
predict the circuit delay in the face of these process pat@meof the sum of arrival and required times across all the edges
variations. Recent works concerning Statistical Statimifig of a cutset gives the circuit delay distribuition. A gateirsig
Analysis (SSTA) in [1], [13] deal with this issue by treatingoperation on the source node of a cutset affects only the
the delay of gates and interconnects as random variablés witrival time of some of its edges. The circuit delay is then
Gaussian distributions. The techniques developed effdgti incrementally updated to ef ciently compute the circuield
predict the mean and variance of circuit delay distribution gradient to gate sizing. This approach however, is potintia
an accuracy level of under a few percent. quadratic in the size of the timing graph.

The unpredictability in circuit delay also undermines daesi  The cutset-based idea is extended in [15], to compute the
optimizations with timing considerations. For one, a gatgiticality of edges by linearly traversing the timing ghaghe
sizing operation typically proceeds by nding the mosticat criticality of an edge in a cutset is computed using a baldnce
path in a circuit and sizing the gates on this critical patfithW binary partition tree. Edges recurring in multiple cutsats
process variations in a design, no one path dominates thg deédept track of in an array based structure while performirey th
of the circuit [8]. We therefore need the notion of probapili timing graph traversal.
to make informed decisions as to the relative importance ofThis paper, a preliminary version of which appears in [9],
different gates in a design. The authors in [13] propose theakes the following contributions. First, similar to [15}e
concept of a path criticality, which is the probability that propose an algorithm to compute the criticality probapitif
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track of structural correlations due to such variationsirdch B. De nitions

ar_lq more importar_1tly, we examine the sources of error e nition 11.1 (Timing Graph). A timing graphG(V; E) of
criticality computations due to Clark's [3] formulation @n 4 cjrcuit is a directed acyclic graph with nodes representing
propose a clustering based pruning algorithm to effegtivelate terminals an& edges representing connections between
eliminate a large number of non-competing edges in cutsgt® terminals. Primary inputs and outputs are connected,
with several thousand edges. The proposed scheme can ?é%‘ibectively, to a virtual source node, and a virtual sink
help order statistical maximum operations in a set, a SOUrgEde,v;. The delay of an edge i6 is a random variable with

of signi cant error as shown in [12]. Localized sampling oryp associated probability density functiquek).
the pruned cutset further reduces errors in edge critiealtb

within 5% of Monte Carlo simulations, with large speedup®€ nition I1.2- (Cutsef). A cutset, , is a set of edges/nodes
in runtime compared to a pairwise pruning strategy. Finall{ G such thaievery vs to v path passes exclusively through
we compare the clustering scheme with our implementatiénSingle member of .

of [15] to show the improvement in runtime and accuracy. pe nition 1.3 (Arrival Time (Required Time) ). The arrival
Thg rest of this paper is organized as follows. Section fine AT, (required timeRT; ) at an edge/nodes , in timing
Qescnbes the corre_latlon mode_l and provides de nitionsdus graph, G, is the statistical maximum delay from any primary
in the paper. Section Il details our approach to compuigpyt (output) to the edge/node. Like delays, these are also
edge criticalities using zones. Section IV discusses the @indom variables and have associateds. Traditionally,

rors involved in criticality computation. Our clusteringded RAT. = T RT,, whereRAT, is the required arrival time
framework for criticality computation is described in Secate andT is the circuit timing speci cation.

tion V. Section VI gives details about techniques used by our
algorithm to further reduce errors. We present the resalts Pe nition 11.4 (Path Delay). The path delay of an edge/node

Section VII, followed by the conclusion in Section VIIl. & in G, denotede, , is de ned as the sum of its arrival and
required times and is a random variable witipdi.
Il. BACKGROUND
e, = ATl + RTl (1)

This section brie y describes the correlation model used to
capture the process variations and provides de nitionsctvhi In other words, the path delay of an edge/node represents the

are used throughout the rest of the paper. statistical maximum delay of all paths passing throughaichc
path delaye, is represented in canonical form in terms of the
A. Correlation Model and SSTA independent and identical principal components (R§shs
. . . . ) P _
We use the spatial correlation model in [1] to model intra e = i+ }zlk a P+ or @)

die parameter correlations. Briey, the chip is dividedadra
uniform grid in which gates in a grid square are assumed kgre a; is the sensitivity of edge to PCp; andk is the
have perfect correlation and gates in far-away grid squaf@éal number of PCs. The mean of the edge path delay is
have weak correlations. A covariance matrix of size equéiven by i. Every edgee is also associated with a random
to the number of grid squares is obtained for each modelé@correlated component with sensitivity ;.

parameter. The model includes a global (inter-die) compbngyg pition 1.5 (Complementary Path Delay. Given a cut-

of variation common to each entry of the matrix. We model th§‘et, ,in a timing graphG, the complementary path delay,
length and width of gates, and the thickness, width and-intgo, of an edge/node; 2 G. is de ned as
layer dielectric thickness for interconnects. It is assdrtteat '

zero-correlations exist between different types of patanse €0 = MAX (¢;88:62 ;g68¢) (3)
for example the length and width of a gate. We also model tr\}venere MAX  denotes the statistical maximum operator

gate oxide thicknessey, assuming independence between thv?/hich returns the statistical maximum of a set of random

different gates on the chip. Although we do not model random . , . :
dopant uctuations in this work, they can be dealt with in g&rlables. Alsoge is a ctional edge with path delag..
manner similar tdqy. All process parameters are assumed f0e nition 11.6 (Critical Path). A critical path of a circuit
have a Gaussian distribution. implemented on a silicon die is the path which determines
Delays of the edges in the timing graph (from gate fanirtke maximum circuit delay. With process variations, dfetr
to gate outputs and from gate outputs to gate fanouts) a&ths can be critical on different dies. Therefore, in a prob
modeled in terms of their rst order Taylor series expansiorilistic scenario, every path of a circuit timing grapgh, has
with respect to the process parameters. The correlate@gso@ certain probability of being the critical path.
parameters are orthogonalized using the principal cormrIonB
analysis (PCA) technique wherein each correlated pararisete
expressed as a sum of independent and identically distidbu
normal random variables, called the principal components .\ e greater than or equal to any path passing through
(PCs). Substituting the PCs back into the Taylor expansi(éragee over all manufactured dies. The local criticality is
gives a rst order canonical edge delay model. SSTA is thenlven b’ the tightness probability in '[13] and comouted as
performed by a forward propagation on the timing graph, gs y 9 P y P '

in a regular STA. For more details, readers are referred]to [1 i = (1) 4)

e nition .7 (Local Criticality ). The local criticality, jj , of
dgee with respect tag , is de ned as the probability that at
{esast one path of timing graph passing through edge takes



with = 2+ 22 50 (5)

Here is the cumulative distribution functioredf) of a unit
normal random variableN (0; 1). The mean and standard
deviation of an edgeg;, is given by ; and ; respectively.
The correlation between edgesande; is given by j .

Local criticality j can be thought of as thigegree of domi-
nation of edgee overeg . It is easy to see tha; =1 i -

De nition 1.8 (Global Criticality ). The global criticalityT;
(also referred to as criticality hereon) of edgein cutset ~ Fig. 1. Example timing graplG with cutsets, (1)  (4) .
is the probability that it has maximum delay among all th&he shaded portions are nodes and edges used to compute the

edges in the cutset, i.e., arrival and required time of edgg,, . The complementary path
delay ofeq, is the statistical maximum delay of all paths not
T = Pr(e ¢g) f8¢ 2 ; g6eg passing through it, i.eg,_o = MAX (€ ym: Eg : €ap)-
= Pr(e eo) (see Det Il:5) (6)
= o (from Eq: 4)

II1. STATISTICAL CRITICALITY COMPUTATION

In other words,T; represents the probability that at least one We mention at the outset that our idea to compute edge

path passing througl has a delay greater than any other pattriticalities in a timing graphG(V; E), is similar to [15], in

not passing through it, over all the manufactured digsis which the notion of cutsets is used. Although both algorighm

also referred to as theriticality probability of €. asymptotically take time linear in the number of edgesin
Physically, the local criticality of an edge in a cutset we use a zone-based approach. Section IlI-A illustrates the

corresponds to a comparison of its path delay with respexitset computation procedure, followed by outlining a damp

to another edge of the cutset whereas the global criticafity statistical criticality algorithm, BSC, with runtime conegity

an edge corresponds to a comparison of its path delay wibadratic in the number of edges @, in Section IlI-B.

respect to all other edges in the cutset. It follows that tbb@ The runtime complexity is reduced in Section III-C using

criticality of & 2 cannot be greater than its local criticalitylinear book-keeping data structures. The authors in [16]ais

with respect to any other edge in, i.e., binary tree like data structure for this purpose. SectiohB |
and llI-E detail our zone-based approach, which reduces the
Ti i f8¢g 2 , g6eg (7)  criticality computation runtime complexity to linear in eh

N o ) number of edges it. In [15], an array based structure is used
De nition 1.9 (MAX ). The statistical maximunMAX ,  for this purpose. The primary advantage of our method is that
of two normal random variables, andy, in canonical form he cutsets can be processed in any order, i.e., to compaite th
(see Eq. 2) using Clark's formulation [3], is given lly=  cyjticality of an edge in a cutset we need not compute the edge

MAX (x;y), where is the normalized Gaussian probabilitygriticalities in any of its predecessor or successor csitset
density function §df ), N (0;1), is de ned in Eq. 5 and

A. Cutset Computation

: T xy xtoyx oyt XYy Fig. 1 illustrates the computation of cutsets on a timing
2 = (24 9+, ( 5+ )2/) grath(V; E). We top_ologica}lly order the nodes @ from.
.y 5 the virtual source to virtual sink node, followed by groupin
xt ) z (8) them according to levels i, such that nodes with a level
az; = qu ai + yx 8y lower thanl are predecessors and nodes with a level greater

than| are successors of nodes at lel/etlenoted (). For
instance, ,(2) = fne;ns g. Edges crossing are denoted by
¢(I) and these are called mc-edges.

(xy )+ )

Here , and , are the mean and standard deviationzof
respectively andy,; is the computed sensitivity to principalDe nition 1.1 (mc-edgg. An mc-edge is an edge with end-
componentp;, in the canonical representation of(de ned level at least two greater than its start-level.

in Def. 1l.4). A weighting factor is applied (@i aznd the Thus, with our level enumerated cutsets, these are edges

random component, to equate the variance afto 2. . ;
P z q z which cross over at least one cutset. In Figeg, andepm 2

Note thatM AX is a linear approximation of the maximum :
. . . 2) are a set of mc-edges crossing le2eHowever, edges
of two Gaussian random variables as another Gaussian ang,{ .
iké ey andes, are not mc-edges since they start at level

a particular implementation of the general statistical imaxn . ;

o and end at leveB with no cross over. Consider the set of
operatorMAX . For the rest of the paper it is assumed thanodes and edaes aiven b
the time taken to compute,, is similar to that taken to ges g Y
computeMAX (x;y). (h = [ &M 9)

N
|
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Algorithm 1 BSC (G(V; E)) /I G = circuit timing graph

1: Perform a forward and reverse SSTA Gn RN m@ ?
2: Topologically ordeiG and nd its cutsets R o= @) Al
3: for all cutsets 2 G do Ly 1 S 5 H
4: for all edgese 2 do i i i @ ' A
5: Computee, // see Def. I1.5 Ly 1S (o) NEE
6: T = .o/ see Def. 1.8 N ;/ E
7 end for 'Y ) * NERE
8: end for i @/Le'@ iiiii

ey’ = MAX (Y (3), Yr(3)) Yr

By Def. 1.2, ( I) forms a cutset since every to v; path Fig. 2. lllustration of forward and reverse linear book-ieg
in G must pass through at least one member(adf) and its data structures, r and g, to compute the complementary
elements are disjoint. Our aim is to compute the criticditi path delay ofes in cutset, (2) = feap;€g;€m;€em;€en0,
of all edges inG, using Def. 11.8. The topological level- from Fig. 1, with edges relabeles; e;; e3; e4; €5 respectively.
enumerated cutsets are necessary and suf cient becauge the
cover all the nodes and edges @ and no cutset is fully
contained in another cutset. The number of such cutsetdeequidie global criticality of an edge; 2 (Def. 11.8) can now
the number of leveld in G. To compute the criticality of be computed as
all edges inG, we substitute nodes in, with their fanout

) i T = Pr g MAX (e;::5;6 1:€4:::0:€,)
edges. For instance, at leval we obtain the cutset of edges - p MAX 1) 41
(2)= feap;€rg;m;€em;€end. - A (el i r0+D) (13)
B. BSC: Basic SC Algorithm Computation of ¢ and r takes2n MAX  operations.

Eq. 13 takes twdMAX operations for a total odn MAX
1Operations over all edges in. The ordered lists help compute
criticalities of cutset edges i@(n) time, i.e., linear in the size

p%tlhthe cutset. Fig. 2 illustrates this computation for edge

The simplistic approach called BSC, shown in Algorithm
computes global criticalities of all edges in timing gra@h
Step 1 performs a forward and reverse SSTA to compute
delays (see Def. II.4) of all edges (nodes)Gnfollowed by
topologically orderingG into levels to compute cutsets,. _
Steps 3-8 compute the criticality of an edge inby rst D. Zone Computation
computing its complementary path delay and then using Eq. 6Using ¢ and g, Steps 5-6 of Algorithm 1 now take

Due to the presence of mc-edges, each cutsgiptentially O(E) as compared t@(E?) time. Typical circuits however
contains O(E) edges, whereE is the number of edgescontain many mc-edges (Def. Ill.1), as a result of which gver
in the timing graph. Moreover, since Step 5 computes thetset potentially ha®(E) edges. Over all cutsets, we could
complementary path delay of an edge in time linear in the siEgke O(L E) time, still a considerable slowdown.
of , this step takes quadratic tim@®(E?) over all edges in . To see why we can do better, example timing gr&plin
Over all cutsets irG, Algorithm 1 therefore has a complexityFig. 3, depicts mc-edges, e, €3, €4, €5 and eg. Consider
of O(L E?). Sections IlI-C and llI-D discuss methods taraversingG to compute the criticality of its edges using

reduce the time complexity of the basic approach. Algorithm 1. To compute the criticality of an edge, say; at
_ _ _ level 1, we compute its complementary path deley, which
C. Linear Time Book-keeping includesMAX (e;;e,). At level 2, for e ,, we compute

From the previous discussion, computing the complemeM-AX (e;;e,;e;;€,). Clearly, the only information needed
tary path delay of all edges in a cutset takes quadratic tina.level2 with regard to edges; ande; is MAX (e;;e,),

Fig. 2 shows a cutset,= fey;e;;:::;esg. To compute the already computed at level. Algorithm 1 redundantly re-
complementary path delay of edgesande,, we compute  computes this information at leve| thus accounting for the
e = MAX (ee5e;es5) muItipIicati_veL factor in the computatiqn cost. The basic idea
(10) of zones is to abstract out the maximum of the mc-edges
€0 = MAX (e;;e3;€4;€5)

thereby reusing information to the greatest possible éxten
Clearly, MAX (e;;€,;€5) is a common term in Eq. 10  Let us reconsider traversing the timing graph in Fig. 3. At
above. To speed up the computation of the complementdgyel 1 we would like to forward accumulate the maximum
path delay of edges in a cutset, our book-keeping ordertsd lisf mc-edgese; and e, used to compute the criticality of
aim to keep track of this common information. edges at higher levels. We thus enter an accumulation phase

De nition IIl.2 (Ordered Lists). Given an arbitrary set=  P€9inning at levell, to obtainZ¢ = fe,; &g andZ,¢ (1) =

fei;er;:::;e,00f n random variables, we de ne forward and'vIAX (€1;8), usefgl at_ level2 to nd the maximum of
reverse ordered lists, denote¢ and gr respectively, as the mc-edges crossing it (to compuiaya)). At level 2 we
. accumulate edgess ande, to obtainZ;r = fep;er; es;es9
F(i) = MAX (e;:::8) (11) andz, (2) = MAX (Z4 (1);€5:6,). The indices ofZ,p ,

r() = MAX (e;:::;e,) (12) denotedz;r, are time points recording the order in which
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Fig. 3. An example timing graplG, with mc-edges, . =

the timing graph in Fig. 3, represented as half-open interva
fer, e, ..., e0. Edgese, ande, are not mc-edges.

Fig. 4(b) shows the corresponding interval graph represent
tion, Ge, with zonesZ; = fe;; ;63,640 andZ, = fes; €59,

identi ed as mutually exclusive maximal cliques.
mc-edges accumulate ifyr . At level 3 however, we can no

longer accumulates in Z1¢, sincee; has reached its end level

and does not contribute to the accumulated maximu@yin.  the maximal cliqud e;; e; es; esg to form zoneZ,. Next, with

Z1F is thus a maximal set representing all edges accumula@_}d\,\,e get zoneZ, with maximal cliquef es; esg.

in phasel. Note that at this pointZ ;¢ is not useful to us. In the worst case, the number of zonés, in a timing
We now begin a reverse accumulation phase, to compute H}gph with L levels is O(L). The idea is to minimizeK

order in which edges belonging I leave timing graphG. 54 a5 1o reduce the number BFAX  operations over all

Once again, this is precomputed by a traversdbals,Zir = = zones to comput@,,,, . The Algorithm described in [6]

fey e €9 andZyg (1) = MAX  (e;;€5;€,) at time point omnutes a minimum clique covering of an interval graph,

1. Similarly at time point2, Z;r = fesgandZ,5(2) = €. G, A simplicial vertex ofG, is de ned as follows.
The indices ofZ,;, denotedz;r, are time points that record

the order in which mc-edges leaZgr . We concurrently start De nition 111.4  (Simplicial edge. A simplicial vertex,v®,

a new accumulation phase beginning with edgeasZ,- = of an interval graphGe, is a vertex, all of whose neighbors
fesg andZ,- (1) = e5. The maximum of mc-edges crossingorm a cligue withv® [4]. The intervale® in the corresponding

levels greater thar8 (for example at level), can now be interval representation, e, of Ge is called a simplicial edge.

computed usindMAX  (Z,g(1); Z,e (1)). It is easy to verify that an interval with minimum end-level i

. 3 . ¢ q ith a simplicial edge in ¢. In fact, the neighbors of* form a
De nition 1.3 (Zone). A zoneZ; is a set of mc-edges wit c|ique which is maximal. In Fig. 4e; is a simplicial edge.

the end-level of any edge higher than the start-level of al
edges inZ;, i.e., edges enter a zone before any edge exits it.Algorithm 2, like [6], nds a minimum size clique covering
of the interval graphGe, by repeatedly nding a simplicial
edge in ¢, and removing all the edges overlapping it, i.e.,
it repeatedly computes mutually exclusive maximal cligires
Ge. These cliques form the zones in our criticality computatio
algorithm. However, unlike [6], a separate step to sort the

; d \ati h fh Thesst intervals according to their end points is not needed, k&xau
orward or reverse accumulation phase of the zone. Thestafl¢ ¢ topological ordering of the timing graph described in

_tlcal maximum of mc-e_dges crossing Ie\VeIdenotedZMA_x ' Section lll-A. For the example interval representationiig. B,
is obtained by computing the maximum of the contrlbutlorwe computes, 2 . as the rst simplicial edge, with zone

of each zoneZ,,x , over all the zones. . 71 = fee 65 e40, followed byes 2 f o Z1g, as the
Formally, mc-edges represent half-open intervals, froair th second simplicial edge, with zor = fes; esg
source to sink level, as in Fig. 4(a), denoted, with the Algorithm 2 computes zones linearly traversing timing

gorretspgdlgamyetrval glraph rhepresentattmn shawn |n4=(lg11, i raph,G, from the virtual source to virtual sink node, identi-
enotedse. The Interval grapn IS a one-lo-one representa I(?Ving mc-edges and reporting the mutually exclusive maxima

of intervals to vertices, with two vertices connected by dgee cliques by keeping track of when an edge enters (Steps 13-

if and only if their corresponding intervals overlap [4].Wwhat 16) and leaves (Steps 4-18). The zones are computed as
follows, the term interval is used interchangeably with edg Z=1Z1[ Zo[ :::[ Zxg and the claim is thaK is the

By pef. lll.3, a zone is any set of overlappmg 'n.tervalsminimum number of zones (cliques) needed to cover(the
In the interval graph representation, a zone is a clique (

NRterval graphGe). The following property proves this claim.
necessarily maximal). Hence, like [16], we aim to compute val graph(Ge) Wing property prov ! I

the cliques in the interval graph. Since an mc-edge belongeoperty Ill.1. In Algorithm 2, the rst edgeg’, to exit its

to a single zone, the cliqgues must be mutually exclusiveone,Z;, is a simplicial edge of the intervals corresponding
Fig. 4(b) shows one set of mutually exclusive cliques whiclo ¢ f Zi[ Zo[ :::[ Zj 10.

forms the zones. We begin with edgeand greedily compute Proof: Step 7 computes the rst edge’, to exit its zone,

From the above description, at a particular levelof the
timing graph, the different mc-edges that cross it can beact
in different zones. At level, the contribution,Z;,,x , Of
mc-edges belonging to zorig, is given respectively by the
appropriately indexed entry & or Z,; , depending on the



Algorithm 2 Z = ComputeZones (¢) Algorithm 3 ZSC G(V; E)) /I G = circuit timing graph
Il e = mc-edges in the timing graph organized as per levels: perform a forward and reverse SSTA 6n

/I Z = list of mutua”y exclusive ZoneSE,Zl; i Zk g 2: Topo|ogica||y ordeiG and nd its cutsets
1: K =1, Z = f g /linitialize the list of zones 3: Compute ¢, the set of mc-edges
2: Zx = Zkg = fg;ZKR = fg 1Zkg = Zxr =0 4. Z = ComputeZoneS(e)

Il Zxr (Zkr ) records the history of edges entering 5: for all levelsl 2 G do

Il (leaving) zoneZg , indexed by pointezxr (zxr ) 6: forall g 2 . with end-levell do
3: for all levelsl 2 G do 7 ++zjr I/ g exits zoneZ;, update reverse pointer
4: forall g 2 ¢ with end levell do 8 Zimax = jr(ZRr)
5: Zj = zone ofeg 9: end for
6: Inserte; into Zjg , ++zjr // g exits zoneZ; 10: for all & 2 . with start-levell do
7 if Zj == Zx then// ef = g is the rst to exitZ; 11: ++zir Il e enters zon&;, update forward pointer
8: ++K // create new zone 12: Zivax = i (zF)
9: Zx = Zkr =f9;Zkr =19 ;2k¢g = zxkr =0 13: end for
10: InsertZy into Z 14: Zyax = 1 /I maximum over all active zones
11: end if 15: forall Zx 2 Z do
12:  end for 16 Zuax = MAX (Zyax i Zimax )
13: for all 2 ¢ with start levell do 17:  end for
14: Set zone 0§ to Zk 18: Create ctional edg&uax Wwith path delayZ,,,«
15: Insertg into Zkxg , ++zxg /! € enters zon&; 19: = fFanout edges of the nodes in,(1)g[ Zmax
16: end for /I see Section IlI-A
17: end for 20: Create ¢ and g for /I see Section IlI-C
/I Compute book-keeping lists for all zones 21: Computel; 8 e 2 // see Def. 1.8
18: for all Zj 2 Z do 22: end for
19: Compute ¢ ( ir) for Zg (Zir) !/ Eq. 11 (12)
20: end for
21: return Z is O(j eJ), i.e., linear in the number of mc-edges.

It should be noted that as shown in [6], this approach is
optimal, i.e., the lower bound on the computational comipyex
Z;. Edgee’ has minimum end-level;, in o f Zy[ Z,[ of computing a minimum clique cover i$ ] ej_ logj ), if
:2:[ Z; 19 and therefore is a simplicial edge in, f Z; [ the mc-edges are not sorted by their end points.

Zy[ :::[ Z; 10 If this was not the case, consider another )

edgeen, with end-level), <1, e, 2f Z1[ Zo[ :::[ Zj 10. E. ZSC: Zone Based SC Algorithm

Clearly,e, 2 Zy, k > , because edges are assigned to zonesOur zone-based criticality computation technique, ZSC, is
in sequence implying its start-level (and thereby its emal, shown in Algorithm 3. Step 4 computes zones in timing graph
In) must be greater thap. Therefores, 2 Z;, which is again G, in time linear in the size of ¢, the set of mc-edges. We

a contradiction since it impliek, ;. m then forward traversé& from vs to v;. Steps 6-13 update

. ) _ the forward and reverse history pointers of each zone, to
~Using Property IIl.1, Algorithm 2 like [6] repeat_edly .nds compute the contributiorZ,»x , of the mc-edges belonging
S|mpI|C|aI. edges in ¢ t_o c_ompute a minimum size chqueto zone,Z;, in constant time. Steps 14-17 compitgay , a
covgr of its corresponding mtervgl graph representat@an, ___ctional edge representing the statistical maximug),x

Lists Zir andZir record the history of mc-edges enteringy i eqges crossing a particular level, depending on the
and exiting zon€;, indexed by pointergr andzir respec- conpipytion,z,,, ., , to each zon;. Since we have on the
tively (Steps 15 and 6). For the example in Fig. 4(), the lishqer of0(L) number of zones, over all levels &, this step
for zonesZ, andZ, are computed as, takesO(L?) time. Finally, using the book-keeping ordered lists

Z1F fe e esieng Zor = fesiesg 14 from Section 11I-C, we compute global criticalities of edge
_ oA } in cutset , in time linear in the number of edges in The
Zir = feseseneg Zx Fes; €9 overall runtime of the ZSC algorithm is therefdB&E + L 2),
For each zon&;, Step 19 computes the forwardit ) and re- which for a reasonably sized practical circuitQgE).
verse ( ir ) book-keeping lists, foZir andZr respectively.  In summary, like [15], the zone-based approach computes

In terms of computational complexity, Steps 3-17 of Algothe criticality of edges in timing graplG(V;E), with a
rithm 2 process each edge in. twice, rst at its start-level linear runtime complexityO(E). Although both algorithms
and then at its end-level. Step 19 computes the forward aasymptotically takeO(L) time to compute theMAX  of
reverse book-keeping lists for the mutually exclusive zoime mc-edges crossing a level, Algorithm 2 computes a minimum
O(jZ1j)+ O(jZ2))+ :::+ O(jZk ] = O(j ) time, whergZ;j clique cover and helps to reduce the total numbeMa@fX
is the number of edges in each zone &hds the minimum operations computed in Steps 14-17 over all the cutsetse Mor
number of zones to cover the mc-edge interval representatiomportantly, our algorithm can compute the criticality ofges

e, Of the timing graph. Overall, the runtime of Algorithm 2in a cutset, independently of other cutsets.



TABLE |

COMPARISON OFMONTE CARLO AND MAX  FOR THE@bCc PROBLEM b= MAXp(a,c) Wt Jlc 2 MAX _(a, b)
region region -
Method Ta Tp Te c b A
MC 0923 | 0.000 | 0.077 LA MAX, (b, ©) >

Clark 0356 | 0.297 | 0.079 " region
% Error 56.7% | 29.7% | 0.2%

IV. ERRORS INZSC /

We ran Algorithm 3 on a subset of the ISCAS89 bench-
marks to compute the global criticalities of all edges in the i
timing graph,G. We compared our implementation with a MAXo(a,c)
Monte Carlo (MC) simulation ofl0000samples and noted Fig. 5. A pictorial depiction (not to scale) of ttbcexample
the absolute maximum difference in the criticalities of eslg with random variables, b andc with one PC p.
(denoted hereon). The difference was larger tha®% (for
example, an edge reported by MC&®scritical was reported
by Algorithm 3 as30%critical). In the following sections, we MAX (a;c)). With Clark's formulationMAX , for the sta-
illustrate the sources of these errors wihrandom variables tistical MAX , we getT,=Pr(b MAX (a;c)) =0:297.

b 2 a region
=

Y>> 30, p

in a simple example we call thebc problem. Intuitively, for this scenario, Clark's formulation is ac@ate
with respect to local criticalitytpy of b, but it overestimates
A. The abc Problem its global criticality Ty, and is inconsistent with Eq. 7.

As an illustration of these errors, consider a cutseyitn ~De nition V.1~ (Local Errors). With respect to Clark's
random variables, b andc, each with independent principalformulation, edgee; in cutset is said to havdocal errors
components (PCsp; and p, (where p; is a unit normal iff there exists some edgg 2  with respect to which its

GaussianN (0; 1)), shown below, local criticality is less than its global criticality, i.e.
a = 4:000 + 0:5000 p; + 0:5000 p, fog 2 ; g6eg : j < T (16)
b = 3:999 + 0:4999 p; + 0:5001 p,  (15) In other words, Eq. 7 does not hold. By de nition, local esor
c = 3:800 + 0:6001 p; + 0:3999 p, always overestimate the criticality of an edge in In our

. . . toy exampleb exhibits local errors of magnitud&297, with
It can be observed that and b are nearly identical highly espect taa. Local errors were found to propagate in the ZSC

cgorsrelatedbra;l_dcr)lm varl?ti_les, and TO(; aqi/hste;]mp(;gﬁvalue Of. thl%orithm, where variables (edges) likghat should not have
hi°s, a (high correlation coupled wi € difterence Myeen critical, were found to have a signi cant criticality.

m?:/ms ensul\r/leé th&lr(l bt' 3) 'tiio(:)(()))(jOOs les to determi It must be pointed out that as was shown in [12], the order
e rana simufation wi amples 1o determine ¢ | arables plays an important role due to ClarkBAX

th.(tehglc(:)lbalilcr}tlcal|tllef_ Oaiv?;;dc' Tab IeDI ?TIO;VS ?;Omplar'sonapproximation. For thebc problem however, ordering vari-
Wi arks formuiation, (see Def I1.9). The columns ables & andc) in the MAX operation will not eliminate

T Z_f?r;b;lcg,tdepmt ]:[h_? g:oblal Cr't'ca“st%/(;f. Va}[rr']ablﬁ @SI local errors inb. Local errors are an artifact of the manner in
Seen In the last row of lable |, errors oIn the global - ynich we compute global criticalities.

criticality of a and30%in that of b were observed. Local errors only present a part of the picture with respect
to the overall errors seen in criticality computation. This
B. Local and Global Errors is because of the inherent inconsistencies in using Clark's
For a better illustration of thabc problem, Fig. 5 depicts formulation, MAX , to approximate the maximum of a set
the scenario of Eq. 15, using just one RE,We make the Of Gaussian random variables as another Gaussian. The works
following observations. in [12] and [17] for instance, give a detailed analysis of the

1) The local criticality ofb with respect taa, i.e., pa 0. errors involved in such an approximation.

This is indicated by a large value of 3 , (the region De nition IV.2 (Global Errors). With respect to Clark's
whereb  a). Moreover, Clark's tightness probability formulation, edge; in a cutset is said to haveylobal errors,
formulation from Eq. 4 also gives,a 0. iff its computed criticality T; differs from its true criticality

2) Global criticality ofb, T, 0. This is evident in Fig. 5 and the edge does not exhibit local errors, i.e.,

where regiona  MAX (b;9 andc MAX (a;b)
cover the entire probability space.

Observations 1 and 2 are consistent with Eg. 7. Now Global errors cause erroneous values of the global ciittycal
consider computing the global criticality bf using the cutset of an edgeg;, in a cutset, due to the inaccuracies in the com-
approach. We rst compute its complementary path delgutation of its complementary path delays, using Clark's
= MAX (a;0). It follows from Def. 1.8 thatT, = Pr( b approximation. For thabc example,T, is underestimated by

Ti i T8 2 ;e 6 ¢ gandT inerror: (17)



0:567. Note that the value oF, is consistent with Eq. 7, since Algorithm 4 K = KCenterPrune (, ", S)
both ap = 1:0 and ac = 0:921are greater thaif, =0:356 // = cutset of edges; = pruning threshold;
Two observations motivate the need for the pruning basédS = maximum cluster sizeK = # clusters

criticality algorithm, described in Section V. First, witespect 1: = fg // set of clusters

to local errors in variablé, if we choose to “ignore” variable 2: = f g // initialize the 1% cluster

c and compute the criticality ob directly with respect to 3: K =0 // total number of clusters present in

a, we get,T, = pa = 0:0, a better result, sinca almost 4: seed 2 = object (or edge) with maximum mean

completely dominateb. Second, with respect to global errors5: Insert as the center of cluster
in variablea, if we choose to “ignore” variabl® due to its 6: forall i 2 do
high dominance with respect toand compute the criticality 7: if ; >" then// see Def. 1.7

of a directly with respect ta, we get, T, = 5 =0:92L, a 8: Inserti in  // objecti not dominated by
better result, since the computationAX (b; 9 (and hence 9: end if
the inaccuracy involved in it) is avoided. 10: if " then

In summary, although local and global errors result frorhl: Mark = pruned // object dominated byi

Clark's MAX linear approximation, local errors are an artid2:  end if
fact of the manner in which we compute global criticalitids 013: end for
edges in a cutset whereas global errors are more fundameritdl Compute radiug, and distal elemenRR of

arising due to the inherent approximationMfAX . 15: Insert cluster into ; ++K
16: while (maximum size of a cluster in > S) do
V. CLUSTERING BASED STATISTICAL CRITICALITY 17: = CreateNewCluster ()
COMPUTATION 18: Insert new cluster into ; ++K

De nition V.1 (Dominant and Non-dominant Edge$. An 19: end while
edge,e, in set, , is dominant iff its local criticality with ~ 20: Insert all un-pruned objects of in  and returnK
respect to all other edges inis above a threshold, i.e.,

i > " f8¢g 2 ; g6eg (18)

Otherwise, edge; is said to benon-dominantin , i.e.,

B. Clustering Based Cutset Pruning and Ordering
To overcome the quadratic runtime complexity overhead of
fOg 2 ; g6eg : j ! (19) the aforementione®iC, approach, we present a new clustering
De nition V.2 (Mutually-dominant Edges). A set of based pruning technique which uses thecenter clustering
edges are said to bmutually dominant iff each edge in  @lgorithm of [5].

is dominant, i.e.. The basic idea is to prune the non-dqminating edges from
the cutset to return a set of mutually dominant edges. Throug
i > f8 e 2 ; g6eg (20)  out the execution of the algorithm, a dominant edge, sedecte

As seen in the previous section, non-dominant edges iglikdrom the current set of edges,, is used to prune out non-
in Fig. 5) in a cutset exhibit local errors. Moreover, thegaal dominant edges from . Clustering facilitates the selection of
contribute to global errors of other edges in the cutset (liklominant edges. The variables used in the algorithm are:

a in Fig. 5). To avoid the bulk of these errors, we propose : A cluster containing at least one object.
to prune the cutset, eliminating its non-dominant edgesfro : Each cluster contains a center,.
injecting errors in global criticality computations. d; : Distance of an objeci, from its cluster center,, is its

Pruning is justied by Eq. 7, wherein eliminating edge local criticality, i , with respect to .
with local criticality lower than a suf ciently small thré®ld r : Radius of cluster , is the distance of the object farthest
value" does not hurt global criticality computations because from center , i.e.,r = max(d; ) 8i 2
T, ".The benets are accentuated in cutsets with dominaRt: A distal object of cluster is an object with maximal
edges that have large global criticalities, since the sum of distance from ,i.e, R =j : di =r .In case of
global criticalities across a cutset must eqdd (implying multiple distal elements we choose one arbitrarily.
that many edges have very small local criticalities). Algorithm 4 describes the procedure. We rst choose the

However, not every edge with global criticality beléwecan geed | as the object with maximum mean in cutset,
be eliminated by pruning, particularly if its local critids is (Steps 4-5). Next, Steps 7-9 prunewith respect to seed,
greater tharf. Such edges cause global errors in the cutset. = g|so marking as pruned if its local criticality with

respect to any other object in is less thar' (Steps 10-12).
A. "C; Cutset Pruning Steps 16-19 iteratively compute new clusters from existing

A straightforward approach to prune a cutset would be tmes (Algorithm 5) until no cluster has size exceedBg
perform a pairwise comparison of edges, eliminating thbae t Step 20 returns the remaining un-pruned objects .in
have a local criticality less than a prede ned threshbld he In Algorithm 5, the distal element,, of the clusterm, with
main drawback of this approach is its prohibitive quadratimaximum radius is chosen as the center of a newly created
runtime complexity ofO(n?), due to"C, local criticality cluster, (Steps 1-4). Intuitively, is the object upon which
computations, whera is the number of edges in the cutset.its center has the lowest degree of domination (Def 11.7) and



Algorithm 5 = CreateNewCluster () 0:03. Initially, a is chosen as the center of tH&' cluster,

Il = set of clusters; = new cluster pruning out objectsl ande. Next, b, a distal element of cluster
1: = fg //initialize new cluster 1 becomes the center of clus@&rpruning out object§ andg.

2: m = cluster with maximum radius in Also, since j, < 5, Objecti is absorbed into clustet. Next

3: = Ry, // distal element of clustem c, the distal element of clustet, the cluster with maximum
4: Insert as center of newly created cluster radius, is chosen as the center of clusdempruning object

/I Prune with respect to h. Finally, objecti becomes the center of clustérand the

5:forall j2 ;j6 ; = centerofa clusterin do algorithm returns mutually dominant objects b, ¢ andi.

6: if j <" then// dominateg (see Def. I.7) The algorithm has the following properties.

573_ EISZeiIfetjej <fr(cj>|j”n th/einp/r/uneéominatesj more than Property V.1. At any iteration, all 0bject§ in (e_xcluding

o: Removej from its current cluster, inseft in clustgr genters marked pruned) are dominant with respect to
10:  end if all existing cluster centers.

11: end for . Proof: To avoid being .prurjed, objects must be dominant
12692 : (1 ) "then//j dominates with respect to seed, vyh|ch is also the center of thESt

13:  Mark = pruned cluster (Step 8 of Algorithm 4). Moreover, every objgcts

14 end if compared with all newly added cluster centers in Line 7 of

Algorithm 5. Clearly, any objecf must be dominant with
respect to these centers to avoid being pruned. Moreover,
Lines 11 of Algorithm 4 and 13 of Algorithm 5 compare every
cluster center with every object for dominance. Although no
immediately removed from , centers are marked pruned if
they are non-dominant with respect to other cluster objemits

15: Computer andR for and all existing clusters in
16: return

Property V.2. With S = 1, KCenterPrune(, ", 1) returns a
set of mutually dominant edges (see Def.V.2) in

Proof: When S = 1, each cluster in contains only
one object, its cluster center. From Property V.1 above we
know that these are either marked pruned or are dominant
with respect to other cluster centers. It follows from sté&p 2
of Algorithm 4 (which returns all un-pruned objects 0j,
contains mutually dominant objects. [ |

Property V.3. For any cluster 2 , its center, , has a
higher degree of dominationover its members than any other
Fig. 6. lllustration of the clustering based pruning praged cluster center , i.e.,

of Algorithm 4. Crosses indicate dominant objects and dots fgi 2 - 5o - g 21
indicate non-dominant objects. The clustering distancies ! J J ' ' 9 (21)

local criticality ( ai) of an edgei( from its cluster centerd). Proof: This is evident from Steps 8-10 of Algorithm 5.
Each object in is compared with the new cluster center
The condition ; <d; is equivalentto; > ;,ie., the
hence a good candidate to facilitate the pruning of otheesddiew cluster center,, has a higher degree of domination over
in the cutset. Therefore it is chosen as the center of the neljectj than its cluster center,. [ |
cluster. Step 7 uses to prune object$ (with local criticality
with respect to less than") from their respective clusters.

II has ? hlgther (_je_gree of dgrplnatl_?n ovecotmﬁ)arted to Proof: A single run of Algorithm 5 compares every object
its current center, j is removed from its current cluster an with center of the new cluster , taking O(n) time.

idn:gerr;eedc:?tgor;ri\;lva?ilgrsltiret(vsvfeeepns t?&goga;n;:it:\éilgl'tsa %res?;: ipce each iteration in Algorithm 4 returns a new clustethwi

global errors inMAX . If the newly added cluster center clusters returned, the overall runtime@nk ). "
, Is dominated, it is marked pruned (Step 13).We return the

newly created cluster after adjusting the radius and the distaf®. CPSC: Clustering Based SC Algorithm

element of all currently existing clusters in (Steps 15-16).  Algorithm 6 derives mainly from Algorithm 3 combined
Fig. 6 illustrates the execution of Algorithm 4 on a cutset afith Algorithm 4 to compute the statistical criticality ($C

9 objects labeled-i with pruning threshold' = 0:05, taken The main difference is Steps 3-15 (differ from Steps 6-13 of

from one of the ISCAS89 benchmarks (s9234). The relevahlgorithm 3), which update the zone information, accougtin

local criticalities of the objects arepy = 0:19, 4 = 0:18, for pruned edges in cutsets from previous levels. UnlikecAlg
da =0:01, ea=0:0, ta =0:17, ga =0:17, na =0:17, rithm 3, we only compute the contribution of an mc-edge,

ia =0:17, 1 =0:02, gob =0:02 j» =0:06and . = toits zoneZ;, if it is un-pruned in previous levels. Therefore

>

Property V.4. For a cutset of sizen andK clusters returned,
KCenterPrune take®(nK) time.
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Algorithm 6 CPSC G(V;E);") later, uses a sampling technique which obviates the need

/I G = circuit timing graph;" = pruning threshold for the ordering step. Property V.4 ensures that in a cutset

1: Algorithm 3, Steps 1-4 to obtain a cutsetof edges with n edges having a small number of dominant eddes,

2: for all levelsl 2 G do (K n), Algorithm 4 runs inO(n) or linear time.

3 for all 2 ¢ with end-levell do

4 if g is the rst edge to exit zon&; then In summary, our clustering based algorithm eliminates non-

5: Remove pruned edges frafiig ; Recompute g dominant edges from the cutset so as to reduce errors (due to

6: end if Clark's maximum operationMAX ) in the global criticality

7 if & is un-prunedhen computation of the dominant edges. Ideally, computing the

8 ++zjr I/ g exits zoneZ;, update reverse pointer maximum operation accurately would signi cantly reduce

9 Zimax = jr(ZRr) errors in global criticality. Various techniques have besed

10: end if to try to reduce the errors in the linear approximation of a

11:  end for set of Gaussian random variables. In [12], the authors give

12: for all un-prunede 2 . with start-levell 1 do a detailed treatment of the errors in th@AX operation

13: Z; = zone ofe by using error preserving transformations and precomputed

14: Zimax = MAX (Zyax :€) lookup tables. These tables are used heuristically to Grdet

15: end for of random variables and compute their statistical maximum.

16:  Algorithm 3, Steps 14-19 to compute cutset In [17] the authors postpone the computation of the linear

17: K = KCenterPrune (;"; 1) // pruning maximum during SSTA, if it results in signi cant non-linegr

18: KCenterPrune (;";S) // ordering (distribution skewness is used as a measure of non-liggarit

19:  Algorithm 3, Steps 20-22 to compute the global critiThe maximum is propagated as a maximum tuple in such
cality of all edges in the pruned cases. At the primary outputs, a Monte Carlo simulation is

20: end for performed on the tuple to obtain a better estimation of the

circuit delaypd . The authors in [7] use a moment matching
technique to compute non-linear distributions more adelya
) Such a technique can be used to get rid of the linearity
we do not need forward book-keeping data structue, 10 estriction of theMAX operation to reduce the errors in
computeZiyax , the maximum of mc-edges belonging4e,  cyiticality computation.
crossing the current level. Insteat],,; o  iS computed online,
in Steps 12-15. Due to pruning, the computed reverse book- VI
keeping data structure,jr , of a zoneZ;, may be invalid. On ) ) ] ) ) ]
encountering the rst edge leaving this zone, we recomputeTh's secthn _descnbes a S|mple solution to deal with global
ir » removing all pruned edges from it (Steps 4-6). This igrrors not ell_mlnated t_)y pruning. We then_explore a popular
allowed because all edges enter a zone (and therefore i@f&Ph reduction technique to speed up criticality comjporat

known if they have been pruned) before any edge exits it. and nally deal with errors due to independent parameter

. . variations like gate oxide thicknesgy .
Step 17 derives a set of mutually dominant edges from g St

cutset , facilitated using Property V.2. Step 18 orders cutset ) _

 facilitated by Property V.3. There can be many differedft- LS: Localized Sampling
orderings when performing the statistical maximum of edgesTo tackle edges having global errors (Def. 1V.2), we perform
in the cutset [12]. Property V.3 proves that a cluster centar quick localized Monte Carlo sampling of the edges in
has a higher degree of domination over its members than anycutset , pruned using Algorithm 4. The procedure is
other cluster center. Therefore, in the order of edgesmetlyr described in Algorithm 7. The inputs are Ns samples of
an edge is closer to its most dominating center (as opposedhe k independent and identically distributed (i.i.d.) Gaussia
the case in which a purely random order were chosen). Tpencipal components (PCs) (Eq. 2) stored ig; arrayR of
intuition is that a greater degree of domination between twd; i.i.d. Gaussian samples for each edge inEvery sample
edges would result in smaller errors in thBAX  operation, is used to instantiate the edggsn  (Steps 2-4), from which
as shown in [17]. Algorithm 4 stops execution when theve compute the edge with maximum delay (Step 5). Array
maximum cluster size equalS. If S were set to a large entry M [i] keeps count of the number of samples for which
number, like the size of the cutset, the algorithm would exitn edges; takes on the maximum delay. This helps us compute
without any clustering iterations and a random orderingldiouthe global criticality,T;, of all edgese, 2  in Step 7.
result. For our experiments, we heuristically chose a elust Consider a cutset= fes;:::;e,g with edge path delays,

. REDUCING ERRORS

cutset, to balance out the number of edges in each cluster godpose of simplicity we ignore the spatially uncorrelated
help to reduce the runtime of the ordering step by performimgndom component of variation;). In the k-dimensional

a fewer number of iterations. Our framework is also exiblepace, leR be the region where takes on the greatest value
enough to accommodate other error metrics like [12] or the the probability space, i.eR is the region of dominance of
skewness. Such an ordering cannot be obtained witi @ edgee in the cutset. The global criticalityf; of edgeg is
pruning strategy of Section V-A. Section VI-A, discussediven by the volume integral of the joimd of the k i.i.d.
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Algorithm 7 LS ( , ,R) TABLE II

. .. . THEISCAS89BENCHMARKS WITH NUMBER OF GATES NG, AND
Il =cutset; , = Nis x k array of i.i.d. gaussian samples  |NpepENDENT SOURCES OF VARIATIONN . THE EFFECT OFT GR ON
/IR = Nis xj | array of i.i.d. gaussian samples CIRCUIT DEPTH, L, AND MAXIMUM CUTSET SIZE, IS ALSO SHOWN
1: for n=1 to Njs do
2: forall g 2 I:,do

. _ =k . . Name # of N L
3 di= i+ =1 @ P[n,][Jh] *+ i RIn]i] Gates TGR | No TGR | TGR | No TGR
Il p[n]lj]= value of thej™ PC,p;, and s13207 | 7951 | 22330 | 63 16 1329 | 2599
/I R[n][i] = value of random component;, s15850 | 9772 | 27290 | 86 21 1688 | 2411
/Il for edgee; at simulation poinin (see Eq. 2) s38417 | 22179 | 64056 51 13 2821 | 6638
4:  end for 35932 | 16065 | 56538 | 33 10 5473 | 10742
5. Increment counM [i] of edgee with maximumd; $38584 | 19253 | 65512 | 60 19 5680 | 10374

6: end for
7: ComputeT; = M[i]=Njs for all g 2

PCs overR. The LS procedure in Algorithm 7 is a Monte
Carlo simulation to compute the volume integral of the joint
pd over regionR. The accuracy of LS therefore depends
on the number of sampldd;s and the accurate computation
of the path delay for every edge in the timing graph, or in
other words, the forward and reverse SSTA to capture the
sensitivities of edge path delays to thé.i.d. PCs. Intuitively,
since edges with high global criticality (large volume ta)
have a region of dominand® near (or including) the origin,
the number of samples needed for convergence is not very

large. This will be seen in the results Section VII. f‘l:%[g 7. A reconvergent structure from one of the ISCAS89
<]

It should be_ npted that we apply the L.S procedure o evey nchmarks with a high criticality path indicated usingdol
cutset of the timing graph. The speedup in LS stems from t ) . . .
. . . . . ines. Arrival time correlations of fanouts in cutset denoted
reduction of the cutset size using the clustering basedipgun L ) .
ri, due to variation in oxide thickness,tox, of gate Gji,

rocedure of Algorithm 4. . . .
P 9 cause structural correlations in reconvergent fanouesGil; .
B. Timing Graph Reduction

Since we perform a localized sampling on all the levels of 4 ransistor, are captured by the single random varigble
the timing graph,G, reducing the number of levels, can This is done to avoid tracking the individual contributioh o
speed up the runtime. We exploit the fact that the critigalit, | for every transistor in the design as a separate term in the
of a node inG is equivalent to the sum of its fanin edg&anonical form, as done in [8]. However, errors can occur in
or fanout edge criticalities. To do this, we perform a timing,q path delay of reconvergent paths, as shown in Fig. 7 taken
graph reduction (TGR) procedure on nodes with a single faniym, one of the ISCAS89 benchmarks.
or fanout. A straightforward and practical example of this . gure shows gat€1; driving 5 other gates. The arrival

reduction is an inverter chain, wherein a path enters tthh."f\me (Def. 11.3) at the fanouts 0B1; consists of a structurally

I';haer;gf:rr:alytrllfeIt(::i)t?c:sjlifl ;?rgl??aezg ézzeesd%etshénsgln‘:;ha'Eorrelated term to capture the variation in the oxide théden
o . ; * . of transistorGii, denoted to. Since the canonical form
The idea of TGR is borrowed from [14], wherein the objec: 1 o

L limi o h nod q h bconsists of a single term to capture spatially uncorrelated
tive 'S to eliminate tlmlng graph nodes tq re uc_eF € num \%riations,ri, in cutset , these are considered independent,
of variables and constraints in circuit timing optimizatioro

o . and may cause errors in high criticality paths (shown in pold
perform; TGt.R we scan tlr?mg grafpm_ n lthf forvx;ardda;r;d_ particularly when such fanouts have a high degree of correla
reverse directions merging fanins ot singie fanout no Mion. In our experiments, ignoring the structural corrielias

their fanout and fanouts of single fanin nodes into theirirfanIed to errors of uptob0% the main culprits being cutsets
respectively. Table Il shows the effect of TGR on the numb%th reconvergences similar to Fig. 7. Also, to calculate th

of levels, L, a_nd maximum cutset size, on the ve Iarges? statisticalMAX  at the convergence of the paths containing
benchmark circuits. Colum@ shows the size of the circuit.

As their names imply, columns "TGR" and "No TGR A the common tox Of gate Gy; to reduce inaccuracies in

results with and without TGR respectively, appliedGo MAX . To keep track of the structural correlations due to

) ~_ spatially uncorrelated independent parameter variatides
C. Spatially Uncorrelated Independent Parameter Variatio t_  on encountering a multiple fanout gate lik&,, we

Revisiting Eqg. 2, independent (spatially uncorrelated) paxpand the canonical form of the path delay with it vari-
rameter variations like the variation in oxide thicknes, ation to accurately compute the arrival time of the dowrstre
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TABLE IlI
CRITICALITY RUN-TIMES AND ERRORS FOR VARIOUS BENCHMARKS" = 5% AND N|s = 1000 ZSC - ZONE BASED CRITICALITY," C, - PAIRWISE
PRUNING SCHEME CPSC -CLUSTERING BASED PRUNING SCHEMETGR - TIMING GRAPH REDUCTION, LS - LOCALIZED SAMPLING

Metric Pruning Benchmark
Scheme s3271 | s3330 | s3384 | s4863 | s5378 | s6669 | s9234 | s13207 | s15850 | s38417 | s35932 | s38584
ZSC 4451 | 36.19 | 43.23 | 31.82 | 59.95 | 40.24 | 38.17 | 41.75 44.56 34.78 21.11 48.21
maximum | "C» 4.70 3.82 0.03 17.40 | 26.94 | 26.74 | 36.63 | 15.72 32.20 30.29 14.95 20.28
% CPSC 4.70 142 0.03 | 17.40 | 37.41 | 30.25 | 36.57 | 15.64 37.32 30.29 14.95 21.18
CPSC+TGR+LS| 4.70 1.62 0.03 9.08 7.18 2.90 3.28 2.33 4.52 4.70 1.82 15.88
ZSC 0.05 0.04 0.07 0.11 0.12 0.16 0.19 0.24 0.28 1.43 1.32 1.47
runtime nC, 0.11 0.09 0.18 0.52 0.51 0.91 1.15 2.36 2.65 58.15 74.69 59.23
(sec) CPSC 0.01 0.01 0.01 0.03 0.02 0.06 0.05 0.03 0.05 0.16 0.36 0.11
CPSC+TGR+LS| 0.01 0.02 0.01 0.12 0.04 0.25 0.15 0.06 0.14 0.25 0.25 0.22
ZSC 622 451 603 528 593 965 644 1329 1688 2821 7340 5680
nC, 2 13 1 6 7 11 19 7 8 14 66 15
CPSC 2 13 1 6 7 11 19 7 8 14 66 15
CPSC+TGR+LS 2 13 1 7 6 12 17 7 8 12 66 15

gates in the circuit. A similar expansion is performed fotega 50
with multiple fanins while reverse traversing the timingpgh o B Criticality with zones O Criticality without zones
to compute the required times of upstream edges. Although § 40 7
the number of terms in the canonical form increases, usinga 2 5, |
linear sparse array, we only keep track of terms with now-zer ﬁ
sensitivities in the edge path delay. Table Il shows thel tota £ 20 1
number of independent sources of variation for the bencksnar %10 4
under column three, labeled . As seen in Section VII, this S
does not adversely impact the runtime. 0
SO XA ANy
VII. RESULTS §§§§§§§§§§§§A§%
Benchmark A

Our algorithms were implemented in C++ on top of an
SSTA engine [1] and exercised on th2 largest ISCAS89 _. . T . .
benchmarks, with parameter values corresponding to tEcg 8. RunUme of criticality computatlon_ as a fraF:tlon of
100nm technology node [11]. Experiments were conducté TA runtime. Th_e two cases shown are W'th and W't.hOUt the
on a Linux PC with a 3.0-GHz CPU and 2GB RAM. Thezone-based aIgerthm to cqmpute_th_e statistical maximum of
average ratio of the standard deviation to the mean of ctircmc'edges crossing a level in the timing graph.
delay was about2% We compared four schemes with Monte

Carlo simulations using 10000 samples, shown in Table III. _ _ _
The rst scheme is the zone-based ZSC approach in Algeruning and ordering does better than ZSC in accuracy and

rithm 3. Schemé'C, additionally implements the pairwiseruntime. For circuits exhibiting large global errors, th& L

pruning strategy of Section V-A with a pruning thresholdprocedure helps reduce them further. Rows in bold compare
" = 5%. CPSC implements Algorithm 6 using our clusteredSC with CPSC+TGR+LS. The combined approach greatly
pruning and ordering technique. CPSC+LS+TGR perfornigduces the errors and runtime, due to pruning. Moreover,
clustered pruning on the reduced timing graph (TGR) artintime increase is negligible compared to CPSC (an anomaly
computes criticalities using the LS procedure (Algorithin 7s $35932 wherein runtime decreases due to TGR). For the

with Nis = 1000 samples. All approaches excluding ZSC ao?_large benchmarks we obtain about an orde_r of magnitude
count for structural correlations due to independent patam difference in run-times of ZSC and the combined approach.

variations as described in Section VI-C. Row “maxim@n”  Most circuits have errors belod0% except for s38584. On

reports the maximum difference between the edge criticaliflvestigation, it was found that for large fanout structjgath

computed using any of the above mentioned schemes and dgéays themselves (computed in terms of the PCs) contained

Monte Carlo simulations, row “runtime” reports the runnindarge errors and hence the LS procedure does not completely

time in seconds and * reports the maximum number of edge<liminate global errors. In terms of the ef cacy of our progi

in any cutset of the timing graph after pruning. We excludgirategy, as expected we vastly outperformt@ procedure

the times for SSTA and generating tNgs samples in LS.  in runtime (about two orders of magnitude for the larger
From Table Ill, ZSC, which computes criticalities usingPenchmarks). Each circuit also contained an identical rermb

Clark's MAX  formulation results in large errors (the largesef edges remaining in the cutsets using &, and CPSC

being abouB0%). As described in Section IV, this is mainlyPruning strategies, seen from the entries in row. *

due to the propagation of local errors. CPSC with cutsetTo evaluate the runtime effectiveness of the zone-based
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Fig. 9.  Tradeoff showing number of LS samples;s, Fig.10. Tradeoff showing pruning thresholdyvs the overall
vs the overall criticality computation runtime and maximuneriticality computation runtime and maximum percentagerer
percentage error (with respect to a Monte Carlo simulatiqwith respect to a Monte Carlo simulation witth000 sam-
with 10000 samples), for the s38417 ISCAS89 benchmarkles), averaged over thielargest ISCAS89 benchmarks. The
Runtimes are normalized to the case wNiy = 50 and the runtimes and error are normalized to the case With 1%.

error is normalized to the case wills = 10000. The number of samples used in LS, = 1000.
approach, Fig. 8 shows the criticality computation runtime 1 O Runtime Ratio M Difference in % Error 60
with (denoted "Criticality with zones') and without (deedt 8
'Criticality without zones') zones as a fraction of the SSTA .glo 50 LE
runtime. In all cases, structural correlations due to irshejent & 81 T 40 i
parameter variations were not taken into account. On aeerag “E’ 6 =303
criticality computation with zones is abodOX faster than E4 L 20 %
SSTA and we obtain a speedup of ab8uiX in the runtime & 5 L 10 g
compared to the case without zones. The runtime for the zone 0 0 A

computation procedure of Algorithm 2 on average was less

than 0:5% of the SSTA runtime. SOXOO XAy o
o PEFFEFTETPIFSE &
In decidingN,s, we observed that as the number of samples YL 9o 57 S X0
% & @ o

increases, the improvement in accuracy diminishes. Fig. 9 Benchmark ¥

shows the tradeoff between the number of samplgsand the

maximum percentage error obtained between our cIusteringF'g' 11 . .Co.mparlson of runtime ratio and dlﬁgrence N max-
based approach and a Monte Carlo analysis wABOOruns. imum criticality percentage error between our implemeatat

As expected, with a small number of LS samps, < 500, of the approach in [15] and the clustering based approach,
the error is more than double that withs = 10000. However referenced to a Monte Carlo simulation of 10000 samples.

as the number of samples increases, say ft660to 500Q the The _number of s:’;tmples used in LBy = 1000, and the

overall runtime almost triples, without much reduction fnoe. pruning threshold; = 5%.

Moreover, adN|s increases, the overall runtime is dominated

by the time for LS. In our algorithm, to maintain a reasonable

tradeoff of accuracy and runtime, we chdsg = 1000. mainly attributed to cutset pruning, which eliminates ayéar
Fig. 10 shows the variation of runtime and accuracy (avetumber of non-dominant edges, thereby reducing the number

aged over all benchmarks) when pruning threshbjds var- Of criticality computations. The advantage of cutset pngris

ied. With an increase if, the cutset size decreases, reduciniggrticularly pronounced for the larger sized benchmarks.

the overall criticality runtime (mainly due to reduction tine The difference in maximum percentage erré6 () when

runtime for LS). For pruning thresholds bel&®b, the erroris compared to a Monte Carlo simulation of 10000 runs, is

relatively constant since the non-dominant edges elimthed shown in Fig. 11 on the secondary axis. On average, over

not adversely affect the global criticality of dominant edg all the benchmarks, we see that if our algorithm reported the

Therefore in our algorithm, we chose a pruning threshold afaximum criticality difference with a Monte Carlo simulati

5% to obtain good accuracy with a reasonable runtime.  of x%, the approach in [15] reported a maximum criticality
Finally, we implemented the approach of Xioreg al. difference ofx + 35%. The errors are of similar magnitude

in [15] and compared its performance with our clusterintp our zone-based scheme, ZSC, implemented without cutset

based approach for the benchmarks shown in Table Ill. Fopeuning (Table Ill), since fundamentally both the apprasch

fair comparison, we ignored independent parameter vangti are similar. Hence, as was seen in #i® problem, local and

when comparing the two approaches. On average, we obtgiabal errors contribute to large overall errors in crilitya

a speedup of abouX over the approach in [15]. This iscomputation (Table I).
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