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Abstract— Criticality and yield gradients are two crucial diagnostic
metrics obtained from Statistical Static Timing Analysis SSTA). They
provide valuable information to guide timing optimization and timing-
driven physical synthesis. Existing work in the literature, however,
computes both metrics in a non-incremental manner, i.e., &r one
or more changes are made in a previously-timed circuit, bothmetrics
need to be recomputed from scratch, which is obviously undésble
for optimizing large circuits. The major contribution of th is paper is
to propose two novel techniques to compute both criticalityand yield
gradients efficiently and incrementally. In addition, while node and edge
criticalities are addressed in the literature, this paper br the first time
describes a technique to compute path criticalities. To futher improve
algorithmic efficiency, this paper also proposes a novel téoique to
update “chip slack” incrementally. Numerical results show our methods
to be over two orders of magnitude faster than previous work.

I. INTRODUCTION

correlations between delays. Moreover, the technique gsegh in
[9] requires traversal of the entire timing graph, which emkt
too expensive for incremental computation. Another mettiod
computing yield sensitivity was proposed in [10] by usingrauical
perturbation, which is neither efficient nor accurate. A poshensive
yield gradient computation technique was recently dewvedap [11].

But that technique utilizes the same cutset-based consept ],

thus rendering it non-incremental.

The main contributions of this paper are as follows: (1) tvovei
techniques for incremental criticality and yield gradientnputation
that are two orders of magnitude faster than the stateefth (2)
efficient incremental computation of path criticality; af&) a method
to efficiently update the chip slack of the design incremignta

The rest of this paper is organized as follows. We review ipara

As CMOS technology continues to scale down to 45 nm areterized SSTA and cutset-based criticality computatioSeuation 1.

beyond, process variation effects become increasinglyitapt for
design closure. Statistical Static Timing Analysis (SST8\a popular
method of dealing with process variations [1], [2], [3], .[4Inlike
deterministic timing, the critical path in statistical img is not
unique, as different paths may be critical in chips manufact under
different process conditions. The non-uniqueness of thiealr path
gives rise to problems in optimization in which all the adi paths
across the entire process space must be targeted for ogtiomz

We then propose our novel incremental criticality and yigtddient
computation algorithms in Sections Il and IV. Efficient fptslack”
updates are described in Section V and experimental resesction
VI. We conclude this paper in Section VII.

Il. PRELIMINARIES

A. Statistical Satic Timing Analysis

Criticality probability is a good metric for discrete circuit optimiza-|n static timing analysis (STA), we represent a sequentigital

tion in the presence of process variations. The criticalftya path is
the probability of manufacturing a chip in which the path woterest
is critical. The criticality of a node or edge of the timingagh is
defined as the probability of this node or edge being on theai
path [2]. Knowing the criticality probability helps designms to rank
cells in variation-aware physical optimization [5]. Eadytempts at
criticality computation suffered from large errors due &glecting
correlation [2]. The cutset-based method [6] was the firgbrthm
that correctly computed edge/node criticalities. Howgeemputing
path criticalities is not directly possible through the saitmethod.
This problem is still open in the literature.

Incremental timing [7] is a corner-stone of optimizatiordghysi-
cal synthesis, in which timing quantities can be updateckimentally
after one or more changes are made to the circuit. Unforélypdhe
cutset-based method for criticality computation is ininége non-
incremental. This makes criticality less favorable forimytation
applications, described in [8], [5].

In contrast to criticalitiesyield gradients comprise a more appeal-

ing metric for continuous circuit optimization becauseytlieclude
information about sensitivities of the whole circuit deldigtribution

circuit as a directed acyclic timing graph. Fig. 1 shows aaneple
of a sequential circuit with both data and clock networkse Timing
graph corresponding to the data network of this circuit ievem in
Fig. 2 in solid lines.
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Fig. 1.

Small sample sequential circuit.

In deterministic STA, all timing quantities are scalars.chntrast,
for parameterized statistical STA (or SSTA), all timing qtides

with respect to the delay distribution of each timing eddee Mmethod are represented as random variables parameterized by deelying
proposed in [9] computes only the sensitivity of the meauwadf sources of variation, which in turn are modeled as randorialias
the circuit delay with respect to the mean of timing edge yelawith certain known distributions. Recent progress in SS&A bandle
However, this is not enough to guide optimization becaugechange cases when the variations can be either Gaussian [1], [2]oar n
of cell sizes affects not only the mean but other parametethen Gaussian [12], [13]; the functional form of the timing quiies can
delay distributions. Even computing sensitivities of aade does be either linear [1], [2] or nonlinear [14], [15], [16], [13]

not fully solve the problem because it does not take into aeco SSTA computes the earliest and latest arrival tim&g'g) at nodes



of the timing graph by a levelized propagattort a node, AT is

e passes through one and only one of the other cutset edgesifide

computed as the maximum ofT's at its incoming edges, while the complement edge slack is computed as maximum of those edges’

required arrival time RAT) is computed as the minimum @t AT's
at its outgoing edges. The difference betwéatwT and AT is timing
slack. Modern block-based SSTA engines can computeAdls,

RATSs, and slacks in the timing graph efficiently and increméytal

B. Cutset-Based Criticality Computation

For convenience, the timing graph is augmented by a sisglece

node and a singlsink node as shown in Fig. 2. The source ndtle
connects to all primary inputs via virtual edges whose dekrg the
AT's at the primary inputs. The sink nodé connects to all primary
outputs or timing test nodes (corresponding to the setughaftitests

slacks, i.e.,

B= As.

max
i€cutset/e

®)

However, the cutset method cannot compute path critichléy
cause of the difficulty in computing complement path sla& far,
there is no existing work that computes path criticalitiéf&ciently.

It has been shown in [6] that the cutset method computes all
edge/node criticalities in linear time with respect to uitcsize.
However, this does not mean that the cutset method can cenaput
individual edge/node’s criticality in constant time. Thangplexity of
updating criticality of a single edge/node by the cutsethoétis still

betweenAT's at data and clock pins of flip-flops) with virtual edges”near because of the two steps involved: (1) finding a praset

The delay of such a virtual edge is the negative of &7 of the
corresponding node. Virtual edges are shown in dotted Imégg. 2.
By construction, path delay in thisugmented timing graph is the
negative of the path slack in the original timing graph. Hfere, for
simplicity, delays and slacks are used here interchangeeidnever
there is no ambiguity. ThelT' at the sink node equals ttohip slack
C, i.e., the maximum of the delay of all paths from the sourcthéo
sink. Strictly speaking, the slack of the design is the riegaif this
quantity.

Cutset for e

Fig. 2. Timing graph and a cutset for edge

The edge slack A of a particular edge is the maximum delay of

all paths going through this edge. For edggoing from nodeu to
v, the edge slack can be expressed as

A= AT, +d. — RAT,, 1)

where d. is the delay of edge;; AT, is AT at nodew; RAT,
is RAT at nodew. From static timing, it follows thatAT:, is the
maximum delay of all paths from the source nodeutcand RAT,,
is the minimum of the negative of delays of all paths fronto the
sink node.

The main idea of the cutset method [6] is to divide all patlosnfr
the source to the sink into two disjoint sets. The first groomprises

for the edge of interest; and (2) computing of all edge sladks
in the cutset and calculating their maximum. Thereforetemental
updating of edge/node criticalities by the cutset methddefficient.

In the following, we propose two novel methods to overcome
this drawback. Both methods are incremental because thgy on
require knowledge ofAT's, RAT's and edge delays which can be
updated incrementally by SSTA. Moreover, both methods fieum
to compute path criticalities incrementally, too.

Our first incremental criticality computation techniqudies on a
simple identity from probability theory.

Theorem 1: For two random variables (possibly correlated)and
B, with arbitrary distributions, the following identity has:

I NCREMENTALITY VIA PROBABILITY IDENTITY

P(A> B) = P(A> A&A > B) = P(A > max(A, B)). (4)

In other words, the probability that exceedsB is the same as the
probability thatA exceedanax(A, B).
According to Theorem 1, we can compute edge criticality as

Q)

where A is the edge slackB is the complement edge slack, and
C = max(A, B) is the chip slack, which is thenax delay of all
paths from the source to the sink or simplyi” at the sink node. In
other words, the criticality of edge is the probability that its edge
slack dominates the chip slack. Thus, we have

t=P(A> B) = P(A > max(4, B)) = P(A > C),

t = P((ATu + de — RAT,) > ATsink). 6)

Therefore, to update edge criticality we need update onhAT:,,
de, RAT,, and ATs;.r. An incremental block-based SSTA engine,
such as [2], can do this efficiently and incrementally. Intfadfter

paths going through the edge The second group comprises pathsncrementally updating these quantities, computing ediecality

not going throughe. Themax delay of the paths going throughis
the edge slack A, computed as (1). Thmax delay of the paths not
going throughe is called thecomplement edge slack B. According
to the definition, the edge criticality of is the probability of edge

by (6) can be done in constant time, as it only involves one
statistical addition, one statistical subtraction anttigss probability
computation.

Similarly, we can compute criticality of node in constant time

slack A being greater than or equal to the complement edge slaak

B, i.e,
t=P(A> B). )
We also callt the tightness probability of A over B.

To compute complement edge slaBk[6] proposed to find a cutset

that intersects the edge of interest and separates theesandcsink
as shown in Fig. 2. Each path of the graph that does not pamsgthr

1For brevity, only late-mode timing is considered here.

t= P(A > B) = P((ATu — RATu) > ATsink)7 (7)

where A is themax of all paths through: and B is themax of all
paths not throughu.

Given a pathIl with a path slackA, we can compute the path
criticality in constant time too:

t=P(A>B)=P()_de> ATun), ®)

ecll



where A is the slack of patil and B is the max of all path slacks where®[x] is the standard Gaussian cumulative distribution function
exceptll. (CDF), and
This method for computing edge, node and path criticalitysdioot

depend on any specific distributions or any particular defegdels, (2 2 1/2

be they Gaussian or non-Gaussian, linear or nonlinear. Téthad 0= {UA +toB - QPABUAUB} ' (14)
can be applied in the context of any block-based SSTA endifie. Then the computation of' in the form of (10) is given by

that is required is the computation of theax operation and tightness a0 — 3

probabilities. This method is exact as long as we use an exagt co = aot+fo(l—1t)+6¢ {%} (15)
operation. In practice, the statistiaalax operation is approximated,

leading to inaccuracy in criticality computation. Howevén the ¢ = ait+fi(1-1) e (16)
context of discrete circuit optimization, the exact accyres not as s L, /

important as the correct ranking of cells. Therefore, itésithble to er = gc = Zci ? a7
keep the fidelity between the order based on metric predidiad =1

the order of real criticality. The high fidelity of the promsmethod Where the variance of' is given by

will be confirmed in our experiments. 020 _ (UE\ + ag)H_ (0125, + 53)(1 _—

IV. INCREMENTALITY VIA R;I?AOCI\II(STRUCTION OFCOMPLEMENT +(a0 + Bo)0 [Oco ;ﬂo] _ e (18)

In this section, we show that, when Clark’s formulas [17] ased With ¢[z] being the standard Gaussian probability density function
to approximate thenax operation [1], [2], as most efficient existing (PDF).

SSTA engines do, we can accurately reconstruct one operamctitie
result and the other operand. We show that unlike the detéstit
maximum, Clark's approximation of the statistical maximaiways
allows this reconstruction. Using this method, we can efity
compute both criticality and yield gradients in constantdi This
technique also enables incremental computation.

A. Incremental Criticality

The major hurdle of incremental computation of edge slackhsy
cutset method is the explicit computation of the complenerge
slack B via (3). Here, we propose a new way of computiBgby
directly solving the equation for chip slack

C = max(A, B), 9)

where A is the edge slack, easily computable by (1).
Under the linear parameterized delay model [1], [2], chaxkIC
is represented as

N
C=co+ Z ciXi +crXe,

i=1
wherecy is the mean value af’, X; model theN process parameters
following a standard Gaussian distributio, models uncorrelated
random variation that also follows a standard Gaussiamiloligion;
andc; andc, are the sensitivities of’ to the corresponding random
variables. Then the variance 6f is given by

N
o% = Z c? + cf.
=1
Similarly, the edge slackA and the complement edge sladk

can be represented at = ao + >, a;X; + @ X, and B =
Bo + Zf\’:l B X + B-Xs. Their covariance is given by

(10

1y

N
cov(A,B) = zaiﬂi~ (12)
i=1

cov

Their correlation coefficient ipas = <222 with 0% and 0%
being variances ofi and B, respectively.
The tightness probability [17] oft is given by

|

ao — Bo

t:ﬂAzmzé[ (13)

From the above discussion, we know that the tightness pilithab
t for computingC is the same as the edge criticality. Since chip slack
C and edge slackl can be computed incrementally, we propose to
computet from A and C' directly instead of computing it fromd
and B.

According to (16), we have

C; — tOéZ‘
pi= 1—t

Substituting (19) into (12), noting thabv(A, C) = Zf\rzl a;c; and
after some simplification, we get

(19)

2

toa+ (1 —t)papon as

-t = pac, (20)
oc TAOC
wherep a¢ is the correlation coefficient betweet and C.
Based on (14) and (13), we know
2 2 2
O'A + O'B — 9
pABOB = g (21)
oo —fo
6 = 7(1)71("’) , and (22)
oo — _
427@}= O (23)

Substituting them into (15) and (20), and after some singalifon,
we arrive at

o[e(1)]
o= ST T (24)
R TG
F1(0)
o 2(tal + ocaocpac — tod) a0 — B\
_ 2(tor o4 (25
o5 1—t +<¢H(t)) oa- (25

After substituting (22), (23), (24) and (25) into (18), weedghat
the only unknown left in (18) ig. So we can solve the resulting
equation fort by any standard root-finding technique. As this is a one-
dimensional root-finding problem, and the range fbetween 0 and
1, computation of is straightforward. Thus, knowing edge sladk
and chip slackC, we can compute edge criticalityin constant time
by solving a simple one-dimensional root-finding problenthéugh
it is difficult to prove theoretically that the above rootfing problem
has only one-unique solution, in practice, we find that setmise
true based on our experiments.



The above reconstruction procedure is valid as long éses not can be found in [11], and is omitted due to lack of space.
equal to 0 or 1. Special care need to be paid to handle these two dco

cases. Wher = 0, it means that4 is fully dominated byB, thus s U (28)

B would be the same a8, and this can be detected by computing deo é

P(C > A), which should lead to zero. When= 1, it means tha3 Pa; (@i = Bi)y (29)

is fully dominated byA, thus A would be the same a8, and this dco b

can be detected by checking similarity betweérand C. 90, = Yg (30)
Node criticality can be computed in a similar way by expnegsi doe 1

the slack of the node as A = AT, — RAT,, and then applying the do0 20, {(2(0‘0 — co)® + (0 — UB) s + %} (31)

above procedure. Again this can be done in constant time aed u Ooe 1 o

for incremental updating of node slacks during circuit oygiation. o oe [O‘iq’ —colai — ﬁi)_ + (i = Bi)

Path slack can be efficiently computed by summing the deléys o
the path edge$ = ZeEpath d.. By applying the same procedure to
path slacks, we can compute path criticality in constanetitoo. 0o _ 1 [a B — con [ I
Numerical results will be shown in Section VI to demonstrtie oa, oo L "9

superior accuracy of the reconstruction method.
P y +Ocr{Oéo + Bo + (a0 — ﬂo) UA }ﬂ} (33)

In order to _use these equations, we need to know the varétion
B. Incremental Yield Gradients parametersB = (Bo,B1,...,0n,0r) of the complement edge

slack B. They can be obtained by the reconstruction method as
For statistical circuit optimization by transistor or ga&tieing, it is shown earlier, and the relevant equations are collectedwbébr
important to know the sensitivit§y /0w of the parametric chip yield convenience.
to the transistor or cell widthv. Assume that the chip slack has a

{ao + Bo + (o — ﬁo) 72 — 7 }%} ) (32)

) . , ¢[27 (1)
Gaussian distribution with CDB{(C — ¢o)/oc }, wherecy andoc G0 —too — ao[pf(t)] 34
are the mean and standard deviation of chip slack. Then asgum o = 1 p[®—1(1)] (34)
that the chip satisfies timing requirements only if its sla&ckositive, —l- e
o ¢ — tay
the chip yield can be expressed as 8 = — (35)
1/2
=1-of(— . 26 a
y {(=c0)/oc)} (26) 5 (U% S 53) (@6)
=1

Using vector notation for derivatives and chain rule operst, the

S . . ) ) whereo% is given b
sensitivity of yield to transistor width can be written as 5150 y

2 _ 2 _ 2
- et renoeme i), (o)’
(0, o docy. 04 0d. L e
ow dco 9A  doc 9A) oq ow’ The tightness probability = P(A > B) required by these formulas
can be computed by the technique described in the previai®ise
where 4 — (a0, au, ..., an,a,) are the variational parameters of Thus, we showed that similarly to criticalities, yield gieats with

edge sIackA of the timing edge: corresponding to the transistor Ofrespect to variational parameters of edge delay, tramsisttth or cell
interest andi. are the variational parameters of the delayof that S12€ ¢an be computed in constant time. This creates thereefpasis
timing edge. For brevity we assume here that variation ofsistor (0" incremental updates during circuit optimization.

width w affects only one timing edge. Otherwise this formula can

easily be modified to take it into account all the affectedesdg\lso ) ) ) o
this formula can be modified to take into account the effednpfit  ChiP slack, i.e. AT" at the sink node of the augmented timing graph,
signal slew and load capacitance on gate delay. can be incrementally computed by SSTA, just the samel&sfor

e any internal node. However, a straightforward implemeéotatvill
Here the sensmvmes?d_)/aw of the parameters of the delay noi/be efficient. g P

g??gg'citéogje r(]:{aer;ctc))inc;l:():ttzzln;c:r(fer:n;;;a:s?;ortrlzv?Im5|mu;tlon A distinguishing feature of the sink node is that it has arming
WeII-kngc’) n d'reclt or adioint sensiti 'tp teclhr?' s or Iavlar% le edge connecting it to every flip-flop and primary output in design
L lown dir ol ltivity technique veimp as shown in Fig. 2. For a typical design, the number of flipslop
finite differencing can be used. The details of this comportaare g . L= .
. . can be on par with the size of the design itself. Hence increatig
outside the scope of this paper
updating AT at the sink after one or more incremental changes to
The sensmvmesﬁA/ad of edge slack variational parameters tGhe circuit can be computationally expensive.
edge delayl. can be computed by differentiating (1) and taking into Tq solve this problem, we propose a tree-like structure fiaxe
account that neitheAT:, nor RAT, depends on the edge dﬂdy. the single virtual sink node in the original augmented tigngraph.
The vector of derivatives (gradient§o/0 A and doc/9 A of The fan-in count of the nodes of the tree is maintained at soregble
chip slack mean and variance with respect to the variatippedm- numbern, so at mostfO(log, N)| additional levels of the timing
eters of edge slackl can be computed by differentiating equationgraph will be required, wheré’ is the total number of timing tests.
(15) and (18). Letd and ¢ denote@(%) and ¢(““TT‘3“). The This concept is illustrated in Fig. 3(b), where a tree-likdbgraph
results of this differentiation are shown below. The dditvaitself with n = 3 has been used to replace a large fan-in sink node in

V. EFFICIENT CHIP SLACK UPDATE
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approximate computation of max and tightness probabilityour
SSTA engine, IDNTY incurs some error, which explains why the
results between IDNTY and CUTSET are not exactly the same. In
contrast, our RECST method only applies to the linear Gauossi
model, hence its computation is exact in our engine. Theeperf
correlation of 1.0 also suggests that results from RECSTirateed

as accurate as those from CUTSET.

(@) (b)
Fig. 3. Tree-like subgraph to connect the sink node.

Fig. 3(a). The tree edges closest to the primary outputs atadaiock
pins of the flip-flops have delays equal to the negative of RbEl's

of the corresponding pins; all but the first level of tree exdlave
zero delay. When an incremental change is made in the Giexén

if the change ripples all the way through to the sink node & th
timing graph, a small number ahax operations will be required
rather than a very widenax operatiof.

VI. EXPERIMENTAL RESULTS

To illustrate our ideas, we have implemented the proposechtath-
ods in C++ inside IBM’'s SSTA engine, EinsStat [2]. We dendte t

Criticality from this paper.
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first method based on probability identity (4) as IDNTY, tleesnd

Fig. 4. Comparison of IDNTY criticality probabilities for

method based on reconstruction of complement slack as RECSTFig. 4 shows the comparison between our IDNTY method and the
and the comparison base, the cutset-based criticalityritign as CUTSET method. We see that the criticality results from IDNdre

CUTSET. As shown in [6], the criticality computed by the CLHB
method is accurate compared to golden Monte Carlo simulaie

therefore only compare our approaches with CUTSET.

Five industrial ASIC designs based on 90 nm technology a8l Uy, the differences are small, less than 4% across all eGieslar
as test cases, and we denote them D1 to D5. The sizes of thﬁﬁﬁs are observed for all other test cases

almost the same as the CUTSET method, as all criticality &dta
on the 45-degree diagonal line. We further show the diffeesnof
criticalities computed by both methods in Fig. 5. Again, vem cee

designs are shown in the second row of Table |. The sources and
amount of process variation are set according to foundrgsrtthat

are typical to this technology, including all front-end abdck-end
variations, such as Vth, NP-skew, NBTI, and metal variation

TABLE |
CORRELATION OF CRITICALITIES.

004 F T T T T T T

0.03

"

Designs

D1

D2

D3

D4

D5

Placeable objects

31K

135K

387K

1.5M

2.2M

Cor(IDNTY,CUTSET)

0.9989

0.9965

0.9997

0.9786

0.9856

Cor(RECST,CUTSET)

1.0

1.0

1.0

1.0

1.0

0.02

e

001 F +

We first compare the criticality results from our approachéth
those from CUTSET. Because criticality is used to rank gabes
discrete circuit optimization and correlation coefficiema convenient
way to capture the similarity (or fidelity) of ranking betweéwo
sequences of data, we compute the correlation coefficiesttgelen
our results and CUTSET's, and report them in Table I. We saé th
the criticalities computed by our methods are highly catesd with
those from CUTSET, which validates the quality of our resuihich

Criticality differences: ours - cutset
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+
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are incrementally computable unlike CUTSET's.
As we have discussed, the IDNTY method is generally apdicab \we compare the results between RECST and CUTSET in Table

to all non-Gaussian and nonlinear delay models. But becaligdee

2Another benefit of our method is to improve accuracy by optithestering
of timing test points and primary outputs, because Clarb'snfilas [17] lose
accuracy when performing wide-way maxes as a series of binanyax

operations [18].

Fig. 5. Differences of IDNTY criticality probabilities fob3.

Il. For each given design, we randomly chose a few hundrditalri
edges, and computed their criticalities by both methodscdviepared
the criticalities between RECST and CUTSET in terms of the
maximum and average relative errors. As can be seen, the isrro
almost negligible, a small fraction of one percent in allesasThe



essence of our RECST method is the reconstruction of oneeof th

max operands (the complement edge sl@kbased on the result
(chip slackC) and the other max operand (the edge slagk We
report the accuracy of the complement edge slack reconsttuzy

our RECST method in Table Il as well. We clearly see that we are|
indeed able to reconstruct the complement edge slacks téxastly

in terms of both mean, sigma, and all sensitivities.

TABLE Il
COMPARISON BETWEENRECSTAND CUTSET.

Design | D1 [ D2 [ D3 [ D4 ] D5
Relative error of criticalityt
Max. 2.0E-11% | 7.7E-9% | 1.0E-10% | 3.5E-1% | 1.0E-8%
Avg. ‘ 1.0E-11% | 9.1E-10% | 5.1E-11% | 1.3E-3% | 1.7E-9%
Relative error of complement edge slack’s mean
Max. 1.3E-12% | 3.4E-10% | 1.0E-7% | 2.0E-4% | 2.9E-8%
Avg. ‘ 6.5E-15% | 2.2E-11% | 5.1E-8% | 4.7E-6% | 2.6E-9%
Relative error of complement edge slack’s std. dex.
Max. 2.7E-11% | 5.6E-10% | 2.6E-7% | 8.4E-2% | 6.6E-8%
Avg. 1.4E-11% | 6.9E-11% | 1.3E-7% | 2.2E-3% | 5.9E-9%

Relative error of complement edge slack’s sensitivities
Max. 9.3E-12% | 2.1E-9% | 4.5E-7% | 5.0E-1% | 5.4E-7%
Avg. 3.9E-12% | 8.0E-11% | 5.1E-8% | 1.6E-3% | 6.0E-9%

TABLE IV
RUN TIME AND MEMORY COMPARISONS

Methods CUTSET IDNTY RECST

Designs | CPU (s) | Mem CPU (s) | Mem CPU (s) [ Mem
D1 389.3 25.8M 13 0.38M 15 0.5M
D2 588.8 97.6M 8.0 0.9M 56.1 1.5M
D3 3880 361M 274 1.4M 221.9 2.7M
D4 7520 3.07G 123 5.3M 890 8.8M
D5 12847 4.4G 250 10.4M 1575 15.6M
Avg. ] - [ - [ 127x [ 287x [ 60x [ 176x |

criticality computation, a hitherto open problem. To fuathmprove
algorithmic efficiency, this paper also proposed a novehregue
to update chip slack incrementally. Compared to the sththesart
cutset-based method, our new methods achieve more thaartieos
of magnitude speedup with similar accuracy.

(1]

(2]
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