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Abstract generate a compact sequence, and subsequently they proposed a hi-
erarchical model with macro and micro states to model the original

Simulation-based power estimation is commonly used for its high sequence [6].

accuracy, despite excessive computation times. Techniques have This paper proposes a novel method to transform a sequence to

been proposed to speed it up by transforming a given sequencea shorter one preserving the transition frequencies. We will call

into a shorter one while preserving the power consumption char- this problem theSequence Compactiqeroblem. In this paper,

acteristics of the original sequence. This work proposes a novel we propose a graph model to transform the sequence compaction

method to compact a given input vector sequence to improve on problem to the problem of finding a heaviest weighted trail in a di-

the existing techniques. We propose a graph model to transformrected graph. We propose a heuristic based on the min-cost flow

the problem to the problem of finding a heaviest weighted trail in problem [2] in graphs. We also discuss the problem of generating

a directed graph. We also propose a heuristic based on min-costseveral input sequences with different compaction factors as op-

flow algorithms, using the graph model. Furthermore, we show posed to generating merely a single input sequence. In this case,

that generating multiple input sequences yields better solutions inthe power consumption for the original sequence can be computed

terms of both accuracy and simulation time. Experiments showed as the weighted average of all sequences. This method can generate

that significant reduction in simulation times can be achieved with accurate results with shorter sequences.

extremely accurate results. Experiments also showed that the gen-  The proposed techniques have been applied to MCNC 91 cir-

eration of multiple sequences improved the results further both in cuits [10]. The circuit behaviors were simulated for different input

terms of accuracy and simulation time. sequences using SPICE. Experiments show that significant reduc-

tions in simulation times can be achieved with highly accurate re-

sults. The error in estimations is limited to only 2%, where as the

simulation time is reduced by a factor of 5. Moreover, the gener-

The growing need for low-power systems raises two major issues: ated sequences are reliable for estimation, since they preserve the

design optimization for low power and accurate estimation of power transition frequencies. We also showed that by generating multi-

consumption. Both issues have been studied extensively in re-Pl€ séquences the results can be improved further both in terms of

cent years. This work proposes a method to speed up simulation-accuracy and simulation time. ,

based power estimation, which often suffers from excessive run- __1he rest of this paper is organized as follows. In Section 2 we

ning times. For a CMOS circuit, the dominant source of power dis- Will discuss the problem, propose a graph model, and describe a

sipation is the dynamic transition current. Other sources are much heuristic. Section 3 discusses generating multiple sequences. Ex-

smaller and can be neglected. For a combinational circuit, power P€fimental results are given in Section 4, and finally we conclude

consumption corresponding to an input vector sequence dependgVith Section 5.

only on the transitions between successive input vectors. So, if a

given vector sequence can be transformed to a shorter one while2 The Sequence Compaction Problem

preserving the transition frequencies, the shorter sequence can be

used to estimate the power consumption for the original sequence. The sequence compaction problem aims at transforming a given
Some recent works studied the problem of transforming a given vector sequence to a shorter one while preserving its characteris-

vector sequence to a shorter one preserving the power characteristics. An input sequencé = (s1,82,...,5i,8;,..-8m), IS a Se-

tics. Tsuiet al. [9] and Marculesciet al. [4] proposed methods ~ quence of binary.-vectors. Atransition ¢ = (s;, s;) is an ordered

for combinational circuits. These methods have the disadvantagepair of distinct..-vectors. We will use§(¢) to denote the number of

of generating vectors that are not in the original sequence. Huangtransitionst, and7'(S) to denote the set of transitions in sequence

et al.[3] used a two phase strategy: they derived the transition pro- §. The sequence compaction problem can formally be stated as:

file of internal signals by a fast power estimator in the first phase, ) ] ] ]

and then generated a new and shorter sequence using this profiléiven an integei (viz., the compaction factor), and an input se-

in the second phase. Marculestial. [5] used a Markov model to ~ quenceS =(s1, sz.....sm), CONstruct a new sequence to min-

imize the cos€(S, S’), where
“Supported in part by the National Science Foundation (NSF) under grant 1-5- _ /
31333 NSF MIP 96 12184, (ep ’ C(8.5') = Z [5(t) —ex57(t)]
S(t)
teT(S)

The accuracyA(S, S') of a solutionS’ can be defined a4 (S, S) =
|T(S)|—C(S,5"), |T(S)| being the cardinality of the s&t(5). So
minimizing the cost is equivalent to maximizing the accuracy. The
problem is NP-Complete [8], but we can not present the proof here
due to space restrictions.

1 Introduction




2.1 A Graph Model

In this section, we will describe a graph model for the representa-
tion of the problem. In this model, each distinct input vectosSin
will be represented by a vertex, and each transition will be repre-
sented by several weighted directed edges in the graph. We will
assign the weights such that finding a heaviest weighted trail in this
graph will be equivalent to finding an optimal compact sequence
for S. Replacing each vertex on the trail by its corresponding in-
put vector defines the corresponding sequence. The weight of an
edge will be equal to the change in the cost of solution, if the cor- Figure 1: The graph representation for the sequense

X . ; ' : -
jespong vaneion of e sdge sppeashvore speccall. (B ACARDABBCADBABC BDCARC) and e compecio

! ! . . 1, Ci2, - - - factorc = 3. The figure on the left presents the number of transitions,

w(en) > w(eiz) > ... If an optimal solution hag copies of the and the one on the right presents the graphSfoEdge weights are written
edgee;, then there exists an optimal solution which uses thefirst  as[(weight of the edge, number of edges with this wejght]. e.g., From
edgesieii, ez, . . . ¢, because the weights of the edges are nonin- B to D, there is 1 edge with weight/5, 1 edge with weightL/5, and
creasing. Exploiting this fact, the weight of thth edge is set to M edges with weight-3/5, where M = 9 is the total number of positive
be equal to the change in the cost, when transitjos added once weight edges.
more toS’, which already hag — 1 copies of transitiort;,

[W'T-)'(T'1)]

[(1/2,1),(-3/2,M)]

the maximum weighted trail, can be constructediass D —
|S(ti)—cx (i =1)| — |S(ti)—cxj]| A= B—C— A— B— D— C. The weight of this trail is
S(t;) 43424342424+ 141 =212 The corresponding
L . compact sequence & = (BDABCABDC). The cost of this
A formal description for the construction of the graph follows.  sojytion can be computed @S, ') = 17 Note that the accuracy
{he compasiion factor, n he ras (1. F) representng s O e SOWUONA(S. ) = IT(S)] — C(518') = 7~ 3 = 42 s
h : ; > .2 > equal to the weight of a heaviest weighted trail.
instance of the sequence compaction problem, each distinct input
vectors; in S is represented by a vertex in V, and each vertex
in V correspond to an input vector iff, and for each transition

wle;;)=

2.2 Finding a Heaviest Weighted Trail

t=(si,8;)in S, The heuristic has three basic steps: (1) removing the positive weight
. LS . N wi cycles (2) finding a heaviest weighted trail on the reduced graph (3)

(i) The ‘;‘tjgf sef contains| =~ | copies of edggv;, v;) with improving the solution by adding back the cycles, if possible. Pos-
Weight 5 - itive weight cycles on a graph can be detected by repeatedly apply-

N s0) s ) ing the Bellman-Ford algorithm [1]. After removing the positive
(i) If [==] # = then E has one morgv;,v;) edge with weight cycles, a heaviest weighted trail in the reduced graph can be
weight%, where% represents the modulo opera- found by using a minimum-cost flow algorithm. We will augment
tion. the reduced graph, and by finding the minimum cost flow in this
augmented graph, we will identify a heaviest weighted trail in the
(iii) E contains M more copies of the edge;, v;) with weight reduced graph.
ﬁ,where M is the total number of positive weight edges in Let G; = (Vi, E1) be the graph induced by the removal of
the graph. Note that in the worst case each transition occurs positive weight cycles. The flow graph, = (V2, E») satisfies the
<t times, and the number of positive weight edges can be following conditions. The set of vertice§, is equal toV; with a
bounded adf < 218! source vertex and a terminal vertekadded, i.e.V> = Vi U{s.t}.
= ot The node flowsnf, are:nf(s) = 1; nf(t) = —1; and0 for all

Edges generated by the first rule correspond to transitions that will other vertices. The source verteds connected to each vertex in
always reduce the error ii. On the contrary, edges generated by Vi, and each vertex if; is connected to the terminal vertexThe

the last rule correspond to transitions that will always increase the cost of these edges are all zero, and capacities are all one. If there
error in$’. The edge produced by the second rule corresponds to exists an edge from; to v; in E1, E contains a distinct edge from
approximating theZd by either| 22 | or [22]. There are only v; to v, for each distinct cost value for; to v; edges. The cost of
three possible weights for an edge between two vertices. Based orfliS edge is equal to the negative of the determining cost value, and
this observation, we can add capacities to edges in order to avoidtn capacity is equal to the number of edges with this cost value in

too many edges in the graph. 1
A trail in this graph clearly describes a sequence for the com-
paction problem. The greater is the sum of weights of the edges this™''* " ; h
trail covers, the less will the cost be in the corresponding sequence."ail in the reduced graph. We have used Goldberg's algorithm and
Negative weight edges can be included in the trail for the sake of IMPlementation [2], the complexity of which@(V~ E log(V (),
forthcoming positive weight edges. A heaviest weighted trail in WhereC' is equal to the largest edge cost for finding teh min-cost

this graph gives the optimal solution for the sequence compaction oW solution. The trail found at the second step can be further
problem. improved by inserting the positive weight cycles removed at the

Figure 1 illustrates an example. There are 5 transitions from first Step. i . .
B to D. The cost of the first3 — D edge can be calculated Consider the example in Figure 1. The positive weight cycles

as the difference in cost of zero appearances and one appearanct—i:r;4 thiS‘B gr_?ﬁh ](C:Ian be d?]te(;ted Bs— D — ﬁ — DB ar|1dB _)dC -

ie., w(cspi) = 5=3-0]-15-3-1 _ 3 The weight of the sec- — B. The flow graph after removing these cycles and negating
o ) . 5 5" A . the weight of each edge is presented in Figure 2. The min-cost flow
ond edge is the difference between underestimating and overesti4 e graph follows the path— B — D — C' — ¢. Removing the
T;a_‘t;?ﬂ_tﬂe_ﬂi‘|”s't'°'BD' and can b? computed m(e?m) = source and sink vertices and inserting the cycles removed before,
= = % Other edges will cost-3/5. In this graph,

3

The min-cost flow problem will identify a trail froma to ¢ with
the minimum cost. This trail corresponds to a heaviest weighted



1) [0.1)]

4 Experimental Results

The methods proposed were implementediand applied to the
MCNC91 benchmark circuits [10]. Input sequences were gener-
ated randomly but biased. The power consumption of the circuits
@ for input sequences were measured with SPICE for maximum ac-
curacy. We worked on 6 circuits and 3 compaction factdrs: 10.
We measured the power consumption of the circuits for 4 different
sequences of length 1000. Then the sequences were compacted us-
ing the proposed heaviest weighted trail method (HWT) and the
Markov model (MM) described in [5]. Table 1 presents the average
accuracies for the two methods. In this table, the first three columns
_ present the name, number of inputs and actual power dissipation of
Figure 2: The flow graph for Example 2. Edge weights are written as the circuit, respectively. The other columns present the accuracy

[(weight of the edge, number of edges with this wejght]. e.g., For ex- - - . AP(S)—AP(S!)
ample, there is one edge with weight5 and9 edges with weight-3/5 in estimations, calculated as: AP(S) +100, whereAP(S)

from B to D. denotes the average power dissipation for sequénckhe results
show that HWT can predict the original power consumption very

we get the trailB — D — A— B—C — A— B— D — C and the accurately, with negligible differences from the original values.
corresponding compact sequencéis= (BDABCABDC).

[,

Table 1: SPICE Simulations
Name | #inp | Power| ¢=3 c=5 c=10
So far, we discuss how an input sequence can be compacted as a pW | HWT MM | HWT MM | HWT MM
single sequence with a given compaction factor. However, several || €432 | 36 | 18785 0.7 28| 0.7 24| 1.1 2.8
sequences with different compaction factors can be generated to || €880 | 60 | 3788.7] 0.9 5.0] 1.8 50| 2.0 55

represent the original sequence, and the power consumption can || C1355| 41 | 3956.2| 1.8 88| 2.5 9.3| 2.6 9.2
be estimated by the weighted average of the power consumptions || C1908| 33 | 6454.9] 15 33| 2.8 41| 31 54

3  Constructing Multiple Sequences

of these sequences. That is, a given input sequéhcerepre- cordic | 23 | 16415 1.4 44] 3.1 49| 33 46
sented byt subsequencesS;, S-. ..., S, with compaction factors i3 133 | 3856.8| 0.5 22| 0.7 20| 1.7 1.9
¢1,c2,. .. C, respectively, then the average power consumption I Averages [11T 41] 1.9 46] 2.3 49]
AP(S) can be estimated as
Ek_ P(Si) *ci Another important issue is the reliability of tht.e.compacted se-
AP(S) = L—kl quences. In a compacted sequence, some transitions may be over-
21:1 ci * |Si] estimated while some others maybe underestimated, and these er-

rors can cancel each other to give an accurate estimation. Such
a compacted sequence is definitely not reliable. Since these com-
paction methods are proposed to avoid simulating long sequences,
the user cannot determine the accuracy of the estimation. So relia-
bility is a major concern. A reliable solution should estimate each
transition accurately. We compared the solution qualities of HWT

whereP(S) is the total power dissipation fdf. This approach can

be helpful both in decreasing the total length of the input sequences
and in achieving more accurate estimations. We will work on con-
structing a specified number of sequences for an input sequence
The problem can be stated as:

... > ¢, construct sequence . S5, .... S, to minimize - 4000. We also wanted to see how far the solutions are from an op-
- timal solution. Since the value of an optimal solution is not known,
|S(t) — Zle ¢ * Si(t)] we used an upper bound on the accuracy of an optimal solution,
Z S(t) which we call the accuracyl® of anideal solution In an ideal
teT(S) solution, each transition is estimated in the most accurate way, i.e.,

a transitiont, which appearss(t) times in the original sequence
Effective solutions to this problem can be found by using the ¢ ghoyId appearound( 22 ) times inS’, whereround maps the
graph model and the heuristic for finding a heaviest weighted trail  mber to the nearest iﬁteger. The accuracy computed this way
already described. First, the sequeséeor ¢, is constructed, and  js only a bound on the optimal value, because there does not nec-
then the edge weights are recomputed considesindefore con-  esgarily exist a sequence to realize this. Note that the accuracy
structingS,. Generally, during the construction of the graph for the ot a1 ideal solution4* is equal to the sum of weights of positive
ith sequence, the weight of an edge is computed to be equal to thyeight edges in the associated graph. Table 2 presents the results

change in the objective function, wisf{, 5. ...5;_; already con-  (ihe numbers in parentheses display the std. deviation). The second
structed andb?, ;, S/, ... S, assumed to be empty sequences.

In this scheme, sequences with large compaction factors can
greedily use negative weight edges to add more positive weight Table 2: The reliability for HWT and MM
edges to the trail. However, these positive weight edges might be
covered by another sequence in the upcoming compactions. So, it
might be helpful to construct sequences with high compaction fac-
tors using only positive weight edges. More specifically, satisfying g ggg 228 ggi 2833 géggg%
the condition,S(¢) > S ¢ = Si(t) for the first few sequences : : bl Ve
usually helps, én)d_th%:ééh be aclgig.ved by allowing the sequences 10 [['329 (33)] 3.36 (0.38) | 88.2(2.96)
to be constructed by only those edges produced by the first rule in
the graph definition in Section 2.1. column in Table 2 presents the average length of the sequences gen-

, C(5.50 )
. ” S| ‘70(51%”“::) Acc.HWTH




erated by the HWT method and shows that HWT produces much
shorter sequences than MM. The third column displays the aver-

Table 4: SPICE Simulations for MS and HWT

age of the ratio of costs of the solutions of the two methods. The Name || ¢=3,5,2 ¢=5,8,3 | ¢=10,15,7
numbers show that the costs of solutions of HWT are more than 3 HWT MS | HWT MS | HWT MS
times smaller than those of MM, meaning that the solutions by the C432 0.7 06| 0.7 06] 11 1.0
HWT are much more reliable. The ratio becomes smaller with in- C880 0.9 0.7 1.8 12 2.0 15
creasing compaction factor. The reason for this increase should be C1355( 1.8 15| 25 20| 2.6 22
attributed to the increase in the cost of an optimal solution for large c1908| 1.5 1.2 2.8 1.7 31 22
compaction factors. Since, the cost of an optimal solution becomes cordic 14 11| 31 24| 33 2.7
higher, the cost due to the imperfectness of the solution becomes i3 05 05| 13 05| 1.7 07
less effective in this ratio. The last column presents the comparison [Ag | L1 00| 10 14| 23 7]

with the ideal solution. The numbers were calculated:é'g.iﬁ,
where A" denotes the accuracy of the produced solution. It can

be seen that the accuracy of solutions of HW—'; are Withi”018% of a heaviest weighted trail in a directed graph. Then a decent heuris-
the ideal solutions for = 3, going down to 14.7% and 11.8% for ¢ for constructing a heaviest weighted trail was proposed. The
¢=5 and10, respectively. This decrease is most likely because the paper also proposed generating multiple compact sequences with

bound on the value of an optimal solution becomes tighter as the gigterent compaction factors as opposed to constructing merely a
compaction factor increases. The results show that the HWT is nOtsingle sequence. The experimental results showed that simulation

only more reliable than MM, but also generates solutions that are imes can be significantly reduced with a negligible difference in
very close to optimal. The compaction times are negligible com- 5ccyracy. Furthermore, generating multiple sequences helped to

pared to the simulation times. reduce the simulation times and to increase accuracy.
The next set of experiments observes the performance of gen-

erating several input sequences. We worked on 200 input vec-
tors of length 4000. Table 3 presents the results for these exper-R‘ffere"Ces
iments. The table displays the total length of sequences for gen-
eratingk = 1,2,3 sequences. Each column displays the results
for using the first: compaction factors indicated in that row. The
accuracy fork = 1, and2 is computed as%, where A" is

the accuracy of an ideal solution ferequal to the first number in
that row. Fork = 3 we computed the improvement in accuracy as
A2—23+100 '\where A, and As stand for the the accuracy of the
solutions fork = 2 and3, respectively (Note tha#* is no longer

an upper bound, because the last compaction factor is smaller than
the compaction factord* is computed for). The results show that
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