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ABSTRACT modelling their deviations from the average. As a result, the ob-
tained optimal schedule is expected to have the best power vari-

ing assumed that the power consumption parameters are preciselflions even considering its deviations from the average that may
known. In reality, there will always be some degree of impreci- actually occur. o .

sion. In this paper, we propose to apply rough set theory to han- ~ There are several approaches to deal with imprecision or un-
dle the imprecision involved. Power consumption parameters areCertainty. In this paper, we propose to use the rough set theory [10]
modelled as rough variables and the power-balanced instruction@PProach to model the uncertainty inherent in the power model
scheduling problem is formulated as a rough program. The ef- Parameters. The instruction scheduling problem can then be for-

fectiveness and advantages of our approach is illustrated througHnulated as a rough program [11]. One of the main advantages of
examples. rough set is that it does not need any prior information on the data,

such as probability distributions in statistics, basic probability as-
signment in the Dempster-Shafer theory [12], or grade of member-
ship in fuzzy set theory [13].

Advanced digital signal processors employ VLIW architectures Th's paper foguses on the optlmlgatlon prot?lem of \(LIW In-

for demanding signal processing applications. Each long instruc- Struction scheduling for power variation reduction and is an ex-
tion word consists of one or more instructions that can be executedte_ns'on of our previous work [4]. Th_e rest of the Jpaper is orga-
in parallel on different functional units. These processors rely on Nized as follows. The next two sections summarize the conven-
the compiler to schedule instruction at compile time to meet dead-t'Onal S°|Ut_'0ns' Section 2 ".“rOdl.JceS a simple power model for
line as well as power constraints. Average power consumption re-\./UW archltectyrgs. .The mixed !nteger programming formula-

duction is known to be an important constraint for its great impact ton for this optimization problem is described in Section 3. Sec-

on battery life and heat dissipation. Significant processor supply tion 4 presents the r'?eth(_)dblfor ?Odec;“ng the power consugnptlpn 5
current variations cause power supply noise, degrade chip relia-Parameters as rough variables based on measurements. Section

bility and accelerate battery exhaustion. Hence power variation PFOPOSes a rough programming formulation for the optimization
reduction without compromising execution speed is another im- problem of VLIW instruction scheduling for balanced power con-

portant instruction scheduling constraint in embedded VLIW sys- SUMPtion. Throughout this paper, we assume that an initial instruc-
tems tion schedule that meets the speed performance requirements has

Power-aware instruction scheduling refers to the task of pro- been obtained. Our algorithm reschedules instructions for power

ducing a schedule of these parallel instructions so that the averag&/2fation optimization in the second phase.
power consumption is minimized or the power variation over the
execution of the program is minimized, while the deadline con-
straints are met. Previously published works in this area make use

OF power consumption models with parameters that are assumedA VLIW processor with an issue width df can execute at most
to be precisely known [1-4]. However, in reality, the values of

. X . k instructions simultaneously on separate functional units. Each
these parameters are not precise for two main reasons. Firstly,

- . . instruction requires a different amount of time to execute. We di-
physical measurements, which has been an important approach to

instruction-level power modelling and estimation for microproces- vide the time line into equal length time slots. A power cost
p . ng " . P is associated with each instructiomvhich represents the average
sors [5-8], are always imprecise. The variations in the measured

values are using handled by using theanor medianof a large power consumed by this instruction over the instruction execution.

number of measurements. Secondly, in order to reduce the com-N_ Eetthe |nstruct|on.sctk;]edule blé =< Ntl’ Ai?’ o de} Whe(rje i
plexity of the power model, those instruction with consume similar ‘¢ = (n1,n2, ..., i) is the very long instruction word issued a

amounts of power are typically clustered together and given a the”}e":]h tcljmlz\sflpttok:‘N. The F%Wer consumption a;:)hehlfltrpe slot "
same power figure [9]. of scheduleV is the sum of the power consumed by all the execut-

While these approximations with the average values allow us ing instructions, issued either at théh time slot or previous ones.

to optimize power consumption in the average sense, they are notThIS can be expressed mathematically as

enough in some important occasions. For example, the optimal ,

schedule obtained with the average values fails to guarantee that P = Z Z Dn; )
a hard power variation limit for chip reliability is exceeded or not 1<k<ing €N(i_pq1)

in the actually occurrences. Therefore, it is more desirable to for-

mulate the optimization problem with the power parameters also wheren; is an executing instruction at ttieh time slot. Thus the

Current techniques for power-aware VLIW instruction schedul-

1. INTRODUCTION

2. POWER MODEL



average power consumption over étime slots is given by

M = (z; P’) Jt

The power deviation from the average value at any given time slot
iis

)

PV’ =|P" — M| 3)
Therefore, the total power deviation for a schedule is given by

(4)

t
PV =) PV’
i=1

This is a rather simplified power model for the VLIW instruc-
tions. However, our techniques do not depend on a particular
power model. It can be easily be modified to work with more
sophisticated power models if they are available.

3. MIXED-INTEGER PROGRAM FORMULATION

The conventional mixed-integer program for VLIW instruction
scheduling for minimal power variations is given By and effi-
cient techniques have been proposed to solve it [4].

P1: min PV (X,¢)
subject to
X=UzF i=1,..,mk=1,..,t 5)
=¥ e{0,1} i=1,..,nk=1,..,t
G(X) <0
L(X) =0 ©)

wherePV (X, &) is the power variation of a given schedeover
time which we seek to minimize, agdlenotes the set of the power
consumption parameters. In (m)js the number of instructions in
X andt is the number of time slots available. The binary decision
variablesz? has a value of if instruction: is rescheduled in time
slot k; otherwise its value is zeroG(X) < 0 andL(X) = 0
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Fig. 1. Data dependency graph for instructions in Example 4.2

Definition 4.2 A rough variable( on the rough spacé\, A, A, 7)
is a function fromA to the real line)® such that for every Borel set
O of R, we have{\ € Al¢(N\) € O} € A. The lower and the
upper approximations of the rough variahfeare then defined as
¢ ={¢(V)|X € A} and¢ = {¢(M\)|X € A} respectively.

Example 4.1 Suppose a rough spade\, A, 4, 7) where A =
{zle <z <d}, A ={zla <z <b},withec <a<b<d
Then the functiog(z) = « for all z € A is a rough variable, also
expressed afa, b], ¢, d]), where]a, b] is its lower approximation
and[c, d] is its upper approximation. This means that the values
within [a, b] are sure and those withife, d] are possible.

The requirement is to encapsulate the deviation range of the
power consumption parameters by expressing them as rough vari-
ables. So the rough variable expressifam, b], [c,d]) as in Ex-
ample 4.1 can be an appropriate way. A power consumption pa-
rameterp; (see Section 2) can be expressed as a rough variable
([a,b], [e,d]) with ¢ < a < b < d on the real line wheréu, ]
is its lower approximation ant, d] is its upper approximation.
Then, based on rough set theory [10] we will give our approach to

in (6) denote the constraint matrix for processor-specific resource yetermine values of, b, ¢ andd for eachp; € €.
constraints, data dependence constraints and performance deadline 1y gyilding information tablesAn information table is a pair

constraints.

The basic problem with the above formulation is that the power
consumption parametegsn the objective function need to be pre-
cise values.

4. POWER MODEL WITH POWER CONSUMPTION
PARAMETERS REPRESENTED AS ROUGH VARIABLES

S = (U, A), whereU and A, are non-empty finite sets called the
universe, and the set of attributes, respectively. detU— >
V. whereV, is the set of all values of a called the domainaof
Conduct repeated measurements for eacle £ and collect the
data. Principles for design of experiments can be applied to reduce
the impact of nuisance factors [14].

2) Discretizationtn rough set theory, when the value set of
any attribute in an information table is continuous values or real

The imprecision of the power consumption parameters can be en-numbers, it is likely that there will be few objects that will have
capsulated by expressing them as rough variables. Based on [11ihe same value of the corresponding attributes. In such a situa-

we shall define rough space and rough variables.

Definition 4.1 LetA be a nonempty sef| be ac-algebra of sub-
sets ofA, A be an element i}, and= be a set function satisfying
the following axioms:

1. 7{A} > 0foranyA c A.

2. For every countable sequence of mutually disjoint events

{A}2,, we haver{ J A} = 3 m{A:}.

i=1

Then(A, A, A, ) is called a rough space.

tion the number equivalence classes based on that attribute, de-
fined asindiscernibility, will be large and there will be very few
objects in each of such equivalence classes. This will lead to the
generation of a large number of classification rules, therefore mak-
ing rough set theoretic classifiers inefficient. One solution to this
problem is discretization. Nguyen proposed the nhamed discretiza-
tion approach based on rough set methods and Boonlean reason-
ing [15,16]

3) Lower/upper approximationskor eachp; € &, compute
the lower and upper approximations according to their definitions
in Example 4.1.



Table 1. Current readings(mA) df0 measurements fQf,ddaqw -

Table 2. Discretized current readings of measurement®{akq.,

2) the-optimistic valuef (X, £) sup (o) or thea-pessimistic value
f(X,&)ins(a), for some predetermined confidence levet (0, 1];

206 | 208 | 203 | 197 | 208 | 210 | 204 | 202 | 203 3) the trust measuré@'r{f(X,¢) > 7} for some predetermined
191 ] 191 | 204 | 203 | 201 | 194 | 212 | 211 | 199 level 7. In order to indicate the deviation, we may measure the
205 | 194 | 210 | 209 | 198 | 212 | 196 | 197 | 194 rough returnf (X, ) for any decisionX by itsa-pessimistic value.
197 | 203 | 201 | 212 | 207 | 200 | 203 | 205 | 203

203 | 200 | 190 | 196 | 206 | 196 | 206 | 205 | 204 Definition 5.1 let ¥ be a rough variable, and: € (0, 1]. Then

205 | 196 | 198 | 195 | 202

Ding(a) =inf{r|Tr{d <r} > a} @)

is called thea-pessimistic value t@#, whereT'r is the trust mea-
sure operator.

[203,207) | [207,214) | [203,217)] [190,198) | [207,214)
[207,214) | [203,207) | [202,203) | [203,207) | [190,198) We now give the rough programming formulati&?2 of the
[190,198) | [203,207) | [203,207) | [198,202) | [190,198) VLIW power-balanced instruction scheduling problem.
[207,214) | [207,214) | [198,202) | [203,207) | [190,198) . .
[207,214) | [207,214) | [198,202) | [207,214) | [190,198) p2: min PV(X, §)ins (@)
[190,198) | [190,198) | [190,198) | [203,207) | [198,202) subject to
[207,214) | [207,214) | [198,202) | [203,207) | [203,207) PV(X, €)ims(a) = inf{PV|T+{PV(X,€) < PV} > a}
[203,207) | [203,207) | [198,202) | [190,198) | [190,198) = " e
[203,207) | [190,198) | [203,207) | [203,207) | [203,207) XUk ie1omk=1, ..
[203,207) | [190,198) | [198,202) | [190,198) | [202,203) F {01} izl omk=1 .t )
G(X) <0
LX) =0 (10)

Example 4.2 Consider the TMS320C6711 [17] which is a VLIW
digital signal processor. An initial performance optimized instruc-
tion scheduleX; consisting of fourteen instructions is given by

whereq is the specified confidence level aads the set of rough
power consumption parameters. (9) and (10) are the same as those
in the conventional formulation since there are no rough variables
involved. PV (X, &)ns(a) is the smallest valu®’V satisfying
Tr{PV(X,€) < PV} > a. This means that, for a giveX,
where the superscripts indicate the time slot in which the instruc- the rough return oPV (X, ¢) will be below the pessimistic value

tion is being scheduled. These fourteen instructions{aaddaw, PV with a confidence level ofe. Solving this program involves

add, addaw, add, ldw, mv, addaw, stw, b, addaw, cmpeq, stw, ldw,searching for the minimum-pessimistic valuePV (X, &), s (c)

b }. The data dependence graph as shown in Fig. 1. among all feasible schedulés.

To represent the set of power consumption parametets
{Paddaw; Padd; Pidw, Pmu; Dstw, Db, Pempeq } @S rfough variables, Example 5.1 Continuing from Example 4.2, suppose the confi-
we randomly conducted fifty repeated measurements for each padence level isx = 0.9. We have the following rough programming
rameter. Table 1 shows the data set for power paramgi€¥ ., model for the scheduling problem:
consisting ob0 repeated measurements.

Based the measured data, the possible power consumption
values on real line are discretized using the Boonlean reasoning
algorithm. The partial discretization results corresponding to Ta-
ble 1 are shown in Table 2.

Xy o= fpt gl gl gl g2 02 02 03 4 5 5 5 6 6
1= {$17$27$3yx4,$5a55671777$87$979E10,$11:371279513,3514}

min PV(X,&)ins(0.9)
subject to

PV(X,€)ins(0.9) = inf{PV|Tr{PV(X,§) < PV} > 0.9}

After discretization, the lower and upper approximations for 11
each power consumption parameter are generated using the Rosetta PV(X,¢) =Y |P* — M|
Toolkit [18]. The categorization rules are shown in Table 3. Ac- k2L
cording to these categorization rules, the lower and upper approx- M= (Z pk) /6 (12)
imations for each parameter are obtained. They are shown in Ta- » k=1
ble 4. PY =Y aipi+ 3 o e(Di = pi
=1 =1
E=Up; i=1,..,14 (13)
5. ROUGH PROGRAMMING FORMULATION X=Uzl i=1,..,14:k=1,...,6 14
) _ _ e {01} i=1,..,14k=1,..,6 (14)
If ¢ is a set of rough variables, then the values of the function
f(X, &) for any givenX are also rough variables. The rough re- G(X)<0 (15)
turns of f (X, £) may be ranked b¥) the expected valug[f (X, &)]; L(X)=0

The power variation of a given schedul is computed in (12)
according to the power model described in Section 2. The rough
power consumption parameters in (13) are given in Tablg'@X)

Table 4. Rough power consumption parameters in Example 4.2. < 0and L(X) = 0 in (15) denote the constraint matrix for

Paddaw sPadd Pmv -pcmpeq

Pldw Pstw

Do

(@, 7190, 214])

(0,214, 233])

(@, 7190, 207])

processor-specific resource constraints, data dependence constraints
and performance deadline constraints respectively.



Table 3. Categorization rules for each power consumption parameter in Example 4.2.

current([203, 207))}=> parametenf,qqs) OR parametef,) OR parametefddq..) OR parameteff,.,) OR parametefcmpeq)

current([207, 214))}=> parametelf,qqs) OR parametef(,qqq.n) OR parametef(y,.) OR parametefempeq)

current([190, 198))=> parametenf,.qs) OR parametef,) OR parametefddq..) OR parameteff,.,) OR parameteflcmpeq)

current([202, 203)}=> parametett,.q) OR parametef(,) OR parametef(,qqqw) OR parametef(,.,) OR parameteflempeq)

current([198, 202)}=> parametett,.q) OR parametef(,) OR parametef(,qqqw) OR parametef(,.,) OR parameteflempeq)

current([214, 234)¥=> parametelf.,) OR parametef(ss.,)

We use a hybrid intelligent algorithm [11] to solve the rough

program. The optimal schedule obtained is

4 1 2 4 1 3

X = fgl gl 4 5 5 5 6 6
op = {$17$2,$3»9347155737675577$87$97$107I117$127$137$14}

The objective functioPV (X, £) has an optimaD.9-pessimistic
value of127. That is,

inf{PV|Tr{PV(Xop,&) < PV} > 0.9} = 127

(16)

According to (16), the obtained optimal schedug, has
the best power variations even considering its deviations from the
average that may actually occur, which is less than or equal to

127 with a confidence level abov&9. On the contrary, the opti-
mal schedule obtained using the mixed-integer formulation in Sec- [8]

tion 3 only has the best power variation in the average sense, with-

(5]

(6]

(7]

out considering the deviations that actually occur. The advantages

of rough programming approach are obvious in occasions such as

a hard power variation limit is required to be guaranteed.

Rough settheory has been applied to the problem of power-balanced

6. CONCLUSIONS

VLIW instruction scheduling. We showed how the ideas from
rough set theory can be used to model the imprecise power con-
sumption parameters as rough variables and formulated the schedyit1]
ing problem as a rough program. The advantages and effectiveness

of our approach has been demonstrated through examples. Thisle]
work is a first attempt to apply rough set theory to this area. Fu-
ture work involves the development of more efficient algorithms
to solve the rough programming model by exploiting the problem
specific structure.
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