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Abstract can result in loose estimates and higheerall costs.
Thus, accurate WCET predictions are required to produce
safe and cost fefctive enbedded systemsAccurate
WCET predictions can only be obtained by a tool that stat-
ically analyzes an application to calculate the WCET
Such a tool is called @ming analyzerand the process of
performing this calculation is calléining analysis

It is advantgeous to not only calculate the WCET of an
application, lut to also perform tansformations toaduce
the WCET since an application with a lower WCET will
be less likly to violate its timing constimts. In this
paper we describe an @nonment consisting of an inter
active compilation system and a timing analypérere a
user can inteactively tune the WCET of an application. =~ WCET constraints can impact wer consumption as
After eah optimization phase is applied, the timing ana- Well. In order to consers power, one can determine the
lyzer is automatically woked to calculate the WCET of WC number of gcles required for a task andwer the
the function being tunedThus, a user can easily gaig clock rate to still meet the timing constraint with less
the pogress of educing the WCETIn addition, the user ~ slack. Incontrast, conseative asumptions concerning
can apply a gnetic algorithm to seah for an efective =~ WCET may result in a processor being dgptbthat has a
optimization sequence that bestluces the WCETUsing  higher clock rate and consumes morevgo

the genetic algorithm, we show that the WCET for a num-  Automatically generating acceptable code for embed-
ber of applications can besduced by 7% on av@ye &  ded microprocessors with a compiler is often much more

compaed to the default bakcoptimization sequence difEcult than generating code for general-purpose proces-
. sors. Besidesometimes hang to meet a ariety of con-
1. Introduction sicting constraints, embedded microprocessors are typi-

. o cally much less igular and hee mary specialized archi-
Generating acceptable code for applications on embediatral features.Because of the typical ige \olumes

ded systems is challenginginlike most general-purpose  .qqced for a productvolving an embedded computer
applications, embedded applications oftervehid meet system, may embedded systems applications are stil

various stringent constraints, such as time, space, an¢yging deeloped in assembly language by hand in order to
pawer. Constraints on time are commonly formulated as eet the imposed constraints and to deal with th@dif
worst-case(WC) constraints.If these constraints are not culty of exploiting the features of the machinén fact
met, &en only occasionally in a hard real-time system, et the authors of this papenterecently spent time in
then the system may not be considered functiofidle industry and hee personally witnessed the eiopment
worst-case gecution timgWCET) must be calculated to 4 maintenance of assembly code applicatidrew-
determine if a timing constraint will be met. eve, devdoping an application in assembly has mais-
Unfortunately mary embedded system deopers adwantages that include highervé®opment and mainte-
empirically estimate the WCET by testing the application nance costs and less portable code.
and measuring thexecution time. Testing alone is unsafe It would be desirable to delop embedded system
since the WC input data is often @tult to deve. This 5 jications in a high el language and still be able to
approach can result in an unsafe application since WG ;o the WCET of an applicationWe haveprovided this

timing constraints may not be met when an application iscapability by intgrating a WCET timing analyzer with an
deplojed. Moreknowledgeable deslopers will test, mea-  jnteractie mmpilation system called VISV (Vpo Inter

sure, and mak consenative assumptions in case thg tim- 4ctive g/stem for Tining Applications) [1, 2].One fea-
ing measurements do not truly resect the WCBMICh .0 of VISR is that it can automatically obtain



performance feedback information, which can be used byln contrast, we are using WCET information to select
both the application deloper and the compiler to mek  compiler optimizations, as opposed to which instruction
phase ordering decisiong.his information can include a set to select for code generation.

variety of measures, such aseeution time or code size.
In this paper we describe Wwove nodiEed VISA so it
can use WCET as one of its performance criteria.

A user interice vas deeloped at Florida State Urer-
sity that allavs users to select portions of source code and
obtain timing predictions.Unlike VISTA, this interfice

The remainder of the paper is structured as viddlo  did not allav the user to &tct the generated code or pro-
First, we reiew related vork on impraing, displaying, vide feedback during the compilation process [11, 12, 13].
and estimating WCETSecond, we gie a lvief overview
of the timing analyzer that we used in thisriu Third,
we summarize the StarCore SC100 and @ retageted
our compiler and timing analyzer for this processor
Fourth, we describe VISA and hav we integrated the
timing analyzer with this frameork. Fifth, we shav the
beneEts that were actek by performing searches using a
genetic algorithm to impree the WCET Finally, we ds-
cuss future plans for deloping compiler optimizations to
improve WCET and gie the conclusions of the paper

Genetic algorithms ha& long been used to search for
solutions in a space that is toogarto ehaustvely evalu-
ate. Geneticalgorithms hae been used to search for
effective gotimization sequences to imme geed, space,
or a combination of both [14, 2]Genetic algorithms ha
also been used in the coxttef timing analysis for empiri-
cally estimating the WCETwhere mutations on the input
resulted in diferent execution times (objectie function)
[15, 16, 17]. Our approach, in contrast, relies on a genetic
algorithm to identify optimization phase sequences that
> RelatedWork result in reduced WCETWhich is an orthogonal problem.

There hae been a wariety of diferent techniques used 3. TheTiming Analyzer

for timing analysis of optimized codee the years [3, 4, In this section we briesy describe the timing analyzer
5, 6, 7]. However, we ae unavare of ary timing analyzer — yhat we hge meviously developed and that seed as the
whose predictions are used by a compiler to select whichyiaing point for the timing analyzer in this studggure
optimizations should be applied. 1 depicts the aganization of the frameork that was used
While there has been muctok on deeloping com- by the authors in the past to ned®R/CET predictions.The
piler optimizations to reducexecution time and, to a VPO (MVery Portable Optimizer) compiler [18]as modi-
lesser gtent, compiler optimizations to reduce space and (Eed to produce the controlwand constraint information
power consumption, there has beemwlittle work where as a side é&dct of the compilation of a source Restatic
compiler optimizations he keen deeloped to reduce cache simulator uses the controlsdnformation to gie a
WC performance Marlowe and Masticola outlined toa caching catgorization for each instruction and data mem-
variety of standard compiler optimizations could poten- ory reference in the progranithe timing analyzer uses
tially affect timing constraints of critical portions in a task. the control-sav and constraint information, caching cate-
However, no implementation w&s described [8]Hong and gorizations, and machine-dependent information (e.g.
Gerber deeloped a programming language with timing pipeline characteristics) to makhe timing predictions.
constructs and used a trace scheduling approach to

improve cde in what wuld be deemed a critical section = w T}Jnigg

of the program.However, no empirical results were géen Source Requests

since the implementation did not in@cé with a timing Files

analyzer to sees & a giide for the optimizations or to Cache Timing 1 User

evduate the impact on reducing WCET [Both of these ConGEguratign a?\(()jfn(t:rghgtl%int Analyzer | Interface
— nrormation

papers outlined stragees that attempt to e cde out-
side of critical portions within an application thatvha
been designated by a user to contain timing constrdimts.
contrast, most real-time systems use the WCET of entire
tasks to determine if a schedule can be nhete et. al. Figure 1 Overview of the Existing Process

used WCET information to choosevhdo generate code to Obtain WCET Predictions

on a dual instruction set processor for the ARM and the o

Thumb [10]. ARM code is generated for a selected subset 1he timing analyzer calculates the WCET for each
of basic blocks that can impact the WCEThumb code is ~ function and loop in the progranit performs this analy-
generated for the remaining blocks to minimize code size SiS in @ bottom upashion, where the WCET for an inner

Static
Cache
Simulato

Instruction Machine i
Caching Dependen Tlrr_un.g
Categorizations |Information] | Predictions




loop (or called function) is calculated before determining
the WCET for an outer loop (or calling functionT.he
WCET information for an inner loop (or called function)
is used when it is encountered in an oldeel path.

transfer of control uses a delay slot.

There were seral modiCEcations we made to support
timing analysis of applications compiled for the SC100.
First, we modiCEed the machine-dependent information

Besides addressing architectural features, such agsee Figure 1) to indicate Wo instructions proceed

caching [19, 3, 20, 21, 22, 23] and pipelining [24, 3], the
timing analyzer also automatically detects contraleo
constraints. Ongype of constraint is the maximum itera-

through the SC100 pipelineWe had to identify the
instructions that requirexera g/cles in the pipeline.For
instance, if a memory addressing mode on the SC100 per

tions associated with each loop, including nonrectangularforms an arithmetic calculation, then one additional one

loop nests [25, 26, 27]Another constraint type is when a
branch will be takn or &ll through. The timing analyzer
uses these constraints to detect infeasible paths throug
the code or hw often a gven path can bexecuted [28, 4].

4. Porting to the SC100

In order to determine thefettiveness of impreing the
WCET for applications on an embedded procesaer
ported both the VPO compiler and the timing analyzer to
the StarCore SC100 processor [29). the past we had
made WCET predictions for the MicraSRC |, which is
a general-purpose processor [30)Ve were able to pro-
duce ‘ery tight WCET predictions with respect to a
MicroSFARC | simulator that we had deloped. Unfortu-
nately it is very dif@Ecult to produce/cle-accurate simula-
tions for a general-purpose processor due to codtplef
its memory hierarchand its interaction with an operating
system that can causeeeution times to ary. Unlike the
MicroSFARC [, the SC100 has neither a memory hierar
chy (no caches or virtual memory system) nor an OS [29].
In addition, we were able to obtain a simulator for the
SC100 from StarCore [31]Many embedded processor
simulators, in contrast to general-purpose processor simu
lators, can e&ry closely estimate the actual number of
cycles required for an applicati@néecution.

cycle is required.Second, we also updated the timing ana-
lyzer to treat all cache accesses as hits since instructions
hnd data on the SC100 can in general be accessed in a sin-
gle gcle from FOM and RAM, respeotily. Thus, the
static cache simulation step sho in Figure 1 is ne
bypassed for the SC100hird, we had to modify the tim-

ing analyzer to address the penalty for transfers of control.
When calculating the WCET of a path, we had to deter
mine if each conditional branch in the pathsaalen or

fell through since untan branches are not assessed this
penalty In addition, we had to determine the size of each
instruction and its alignment in memor$C100 instruc-
tions are grouped into fetch sets, which are foords
(eight bytes) in sizeTransferring control to an instruction

in a nev fetch set that spans more than one fetch set
results in an additionalcle delay

We have found that transfer of control penalties can
lead to nonintuitie WCET results.For instance, consider
the «ow graph in Figure 2.A superEcial inspectionowld
lead one to belie that the path @ 2® 3 is the WCET
path through the graphHowever, if the talen branch
penalty in the path@ 3 outweighs the cost ofxecuting
the instructions in block 2, the®13 would be the WCET
path. Thissimple eample illustrates the importance of
using a timing analyzer to calculate the WCEImply

measuring thexecution time is not safe since it i®ny

Some of the general features of the SC100 are as foldifEcult to manually determine the WC paths and the input

lows. TheSC100 has no architectural support for eoating-
point operations since it is a digital signal processor and
was designed instead for @kpoint arithmetic.It has 16
data rgisters and 16 addressgigters. Thesize of
instructions can ary from one wrd (two bytes) to (v
words (ten bytes) depending upon the type of instruction,
addressing modes used, andister numbers that are ref-
erenced. TheSC100 has a simple €&dage pipeline,
where most instructions carxeeute in a single stage.
There are no pipeline interlockdt is the compiles
responsibility to insert noop instructions to delay a subse-
guent instruction that uses the result of a preceding
instruction when the result will not bevailable in the
pipeline. Tansfers of control (tan branches, uncondi-
tional jumps, calls, returns) result in a one to thrgeec
penalty depending on the addressing mode used and if

data that will cause thexecution of these paths.

Y

blk 3 insts3

Figure 2 Example Control-Flow Graph

blk 1 instsl

Measurements indicating the accyraaf the WCET
predictions produced by our timing analyzer will be
showvn later in the paperin general, we could produce
fairly accurate WCET predictions since some of the more
roblematic issues, which include memory hierarchies and
perating systems, are not present on this processor



5. Integrating with VISTA In previous \ersions of VISA, the compiler obtained
dynamic measurements after applying each optimization

This section preides a brief verview of the VISTA phase by instrumenting the code, producing the assembly
framework used for tuning the WCET of applicationd/e code, linking and xecuting the program, and getting per
also describe the modiCEcations that were required to intdormance measures from theeeution [2]. Since we used
grate our timing analyzer with VI&Tso that the current  representatie input data to obtain this dynamic measure,
WCET can be presented to the user and can be used by thge were in dkct obtainingavemge @se &ecution time
compiler when tuning an application. (ACET) information.

The «ow of information is depicted in Figure 3, which Figure 4 shws a snapshot of the vier when tuning
includes the VPO compilea viewer, and the timing ana-  an application for the SC100The right side of the win-
lyzer described in Section 3The programmer initially  dow displays the state of the current function as a control
indicates a source Ele to be compiled and then speci@®esy graph with R'Ls representing instructiong'he user
requests through the vier, which include the order and  also has the option to display the instructions in assembly
scope of the optimization phases to be appliédter The left side shes the history of the dérent optimiza-
applying each optimization phase, the compiler sendstion phases that ke been performed in the sessioNote
information about the current instructions, controlso  that not only is the number of transformations associated
and constraint information to the timing analyzer and thewith each optimization phase depictedyjt balso the
timing analyzer sends its WCET predictions back to theimprovements in WCET and code size arewho Thusa

compiler The user is presented with the state of the yser can easilyayge the progress that has been made at
requested performance criteria, which for théssion of tuning the current function.

VISTA includes the WCET and the code size. . . . L
Besides applying predeEned compiler optimization

S o Instruction, Control phases, an applicationvd#oper can also specify transfor
ource rFlle int Info/ . . . e - .
Compilet aﬁd_constfé'“f M Timing mations manually by inserting, modifying, and deleting
Assembly File timing predictions\ Analyzer, instructions. Uponrequest the system also answers
) queries, such as whichgisters are lie & a geciCEc point
Performance Infi Transformation Info. . . . k .
Requests in the program representatiofhis information can assist
U Selections Saved the deeloper to mak safe and dective manual transfor
ser i . - . .
Display Viewer State mations. Theability to specify transformations manually
is useful for &ploiting special-purpose haradwe that cur
Figure 3 Overview of Tuning WCET in VISTA rently cannot be automaticallx@oited by the compiler

Figure 4 M ain Window of VISTA Showing History of Optimization Phases



The user also has the ability tovesse preiously
applied transformations, which supportgerimentation
when tuning an applicationilThis is accomplished by writ-
ing the sequence of applied transformations to a Ele.
Afterwards, VISR reads in the intermediate code gener
ated by the front end and applies the list of transforma-
tions to generate the program representation thatpe-
viously produced in the compilationThe sequence of
applied transformations is also written to a Ele when the
user chooses to complete the tuning of a function or termi-
nate the sessionThis (Ele is automatically read when
VISTA is later irvoked o these transformations can be  Figure 5 Selecting Options to Seach for Sequences

reapplied at a later time, enabling future updates. ] ) ) )
Performing these searches can be time consuming since

There are some initial actions that are performed byh,sands of potential optimization sequences may need
VISTA before a function can ka its WCET tuned.The to be sauated. ThusyISTA provides a windw showing
information to be sent to the timing analyzer from the o current status of the seardfigure 6 shws a snapshot
compiler includes the number of loop iterationshe ot yhe status of the search thaaswselected in Figure 5.
compiler detects this information as a sidie@fof pef  he percentage of sequences completed along with the
forming a number of optimizationsThus, VISR was  pagt sequence and itdezft on performance are displayed.

modiCEed to automatically perform a set of optimizationstpa user can terminate the search gtyoint and accept
when a function is being compiled for the Erst time thaty,o pest sequence found so f

allows the compiler to calculate this informatioffhe
code-impreing transformations are then automatically
reversed. Ina scond pass, the compiler performs the
compulsory phases, which includesgister assignment
(assigning pseudo gesters to hardere r@isters) andEx
entry/it (inserting instructions to manage the run-time
stack). Thecompiler emits the information and the timing
analyzer is imoked to obtain the baseline WCET for each
function. At this point VISTA can be used to tune the
WCET for each function within the application.

VISTA also allovs a user to specify a set of distinct
optimization phases andveate compiler attempt to GEnd
the best sequence for applying these phaségure 5 Figure 6 Window Showing the Seach Status
shaws the diferent options that VISA provides the user
to control the searchThe user specitEes thequence
length which is the total number of phases applied in each

sequence. Wperformed a set ofxperiments described in This section describes the results of a setxpies-
the net section that use theiased sampling seall, L onis 1o jllustrate the fefctiveness of impraing the
which applies a genetic algorithm in an attempt to End th%CET by using VISKs biased sampling search, which

most gfective £quence within a limited amount of time uses a genetic algorithm to Er@eient sequences of opti-
since in may cases the search space is 100gdato i ation phases.Table 1 shws the benchmarks and
exhaustiely evauate [32]. The genetic algorithm treats oy jications we used for ouxgeriments. Thesiaclude a
each optimization phase as a gene and each sequence Jipqet of theDSPstoneErd-point lernel benchmarks

phases as a chromosom&.population i; the set of solu- and other DSP benchmarks or programs that we teed
tions (sequences) that are under considerafidre num-

ber of generations indicatesvanary sets of populations 1 The only DSPstone @kpoint lernel benchmarks we did not in-
are to be wealuated. Thepopulation size and the number clude were those that could not be automatically processed by our timing
of generations limits the total number of sequenvekie analyzer In particulag the number of iterations for loops in some bench-

marks could not be statically determined by our compiWhile our
ated. YIS'A §.|SO allovs the user to Chqo,se WCET and framework allows a user to interaetly supply this information, wexe
code size weightatctors, where the relaé improzement cluded such programs tadilitate automating thexperiments.

of each is used to determine themll Etness.

6. Experiments




Catgory Program Description

corvolution performsa corvolution Elter

comple_update performa dngle mac operation on complealues
dot_product computebe product of tw vectors

Er performa (&ite impulse response Elter

Er2dim performes @ite impulse response Elter on a 2D image

iir_biquad_one_sectior)  performas inCEnite impulse response Elter on one section
DSPstone| iir_biquad_N_sections perfornas inEnite impulse response Elter on multiple sections

Ims leastmean square adapti GEer
matrix computesnatrix product of tw 10x10 matrices
matrix_1x3 computethe matrix product of 3x3 and 3x1 matrices
n_comple_updates performs mac operation on an array of compi@lues
n_real_updates performasmac operation on an array of data
real_update performssngle mac operation
fft 128 point comple FFT
summidall sumshe middle half and all elements of a 1000gete\ector

other summinmax sumthe minimum ar)c_i maximum of the correspondir_\g elements®i®R0 inteer \ectors
sumn@pos sumshe ngative, positive, and all elements of a 1000 imgfer \ector
sumoddeen ums the odd andven dements of a 1000 inger \ector
sym testsf a 100x100 matrix is symmetric

Table 1: Benchmarks Used in the Experiments

in previous studies.Many DSP benchmarks represemtrk performed. VISA implicitly performs register assign-
nels of applications where most of theles occur Such mentbefore the Erst code-impireg phase in a sequence
kernels in DSP applications & been historically opti-  that requires it. After applying the last code-impring
mized in assembly code by hand to ensure high perfor phase in a sequence, we perform another compulsory
mance [33].In contrast, all of the results in this section phaseEx entrykit, which inserts instructions at the entry
are from code that & automatically generated by VIST  and «it of the function to manage the aetion record on

Note that theDSPstoneErd-point lernel benchmarks the rqn—timg stack.Finally, we dso perform additional
are small and do not e mnditional constructs, such as CcCde-impreing phases after the sequence, sudhsiguc-

if statements. Thether benchmarks shen in Table 1 ftion Sm_edulinq For the SC100 anot.her_ compulsor_y phase
were selected since $helo have conditional constructs, is required to insert noops when pipeline constraints need

which means the WCET andO&T input data may not be (© be addressed.

the same. Our genetic algorithm searches were accomplished in
the folloving manner We st the sequence (chromosome)
length to be 1.25 times the number of phases that success-
fully applied one or more transformations by the batch
compiler for the function.We felt this was a reasonable

Tuning for ACET or WCET may result in similar code,
particularly when there arevfepaths through a program.
However, tuning for WCET can be performedster since

the timing analyzer is used to/aluate each sequence. - _ X
The analysis time required for our timing analyzer is pro- IMit and gves s an opportunity to successfully apply

portional to the number of unique paths at each loop and"ré Phases than what the batch compiler could accom-
function level in the program.In contrast, tuning for plish. Notethat this length is much less than the number

ACET typically tales much longer since the simulation ©f Phases attempted during the batch compilative. £t

time of the SC100 simulator is proportional to the number the Population size (@xnumber of sequences or chromo-
of instructions recuted. Vi found that the \&@rage time somes) to twenty and each of these initial sequences is
required to tune the WCET of each function in oxpeei- randomly initialized with candidate optimization phases.

ments vas about 25 minutes and thisuld hae @ken We performed 200 generatiqns when searching for_the
several hours if we had used simulation. best sequence for each functioe rt the sequences in

_ o the population by &tness valumsed on the WCET pro-
Table 2 shavs each of the candidate code-impngy duced by the timing analyzer and/or code si2¢.each
phases that we used in theperiments when tuning each generation (time step) we rem®te worst sequence and
function with the genetic algorithmin addition, register three others from theeer (poorer performing) half of the
assignment_which is a compulsory phase that assigns population chosen at randomEach of the remed
pseudo rgisters to hardere rgisters, has to be gequences are replaced by randomly selecting a pair of the
remaining sequences from the upper half of the population



Optimization Phase Description

branch chaining Replaces a branch or jumpdat with the taget of the last jump in a jump chain.

common subepr elim Eliminates fully redundant calculations, which also includes constant agggagtion.

remove unreachable code Remaves hasic blocks that cannot be reached from the entry block of the function.

remove wseless blocks Remares empty blocks from the control-4v graph.

dead assignment elim Remaes sssignments when the assignedue is neer used.

block reordering Removes a ump by reordering basic blocks when thgéarof the jump has only a single predecessor
minimize loop jumps Remaes a ump associated with a loop by duplicating a portion of the loop.

register allocation Replaces references to ariable within a speciEwdirange with a rgister

loop transformations Performs loop-iwariant code motion, recurrence elimination, loop strength reduction, and induetiaible

elimination on each loop ordered by loop nestinglleEachof these transformations can also beviially
selected by the user

meige basic blocks Merges tvo consecutre kasic blocksa andb whena is only folloved byb andb is only preceded bg.
evduation order determination Reorders RLs in an attempt to usevier reisters.

strength reduction Replaces anxpensve instruction with one or more cheaper ones.

reverse jumps Eliminates an unconditional jump byveesing a conditional branch when it brancheer¢he jump.
instruction selection Combine instructions together and perform constant folding when the combieetdsea lgd instruction.
remove wseless jumps Remaes jumps and branches whosegetris the follaving block.

Table 2: Candidate Optimization Phases in the Genetic Algorithm Experiments

and performing a crosger (mating) operation to create a input and output were accomplished by reading from and
pair of nev sequences. Therosswer operation combines  writing to global \ariables to @oid having to estimate the
the lover half of one sequence with the upper half of the WCET of performing actual I/0.The WCET cyclesare
other sequence and viceersa to create fw new the WCET predictions obtained from our timing analyzer
sequences. Fifteesequences are then changed (mutated)Theratios show that these predictions are reasonably close
by considering each optimization phase (gene) in theto the actual WCET The ratios for the best sequence
sequence. Mutatiomf each optimization phase in the from GAresults in &ble 3 are similaut the code being
sequences occurs with a probability of 10% and 5% formeasured as the best sequence found by the genetic
the laver and upper habs of the population, respadiy. algorithm. TheWCET GA to WCET bataatio shawvs the
When an optimization phase is mutated, it is randomly ratio of WCET gcles after applying the genetic algorithm
replaced with another phas&he four sequences sub- to the WCET ygcles from the code produced by the batch
jected to cross@r and the best performing sequence are sequence of optimization phasade found that the\ar-
not mutated.Finally, if we &d identical sequences in the age number of generations to (End the best sequasce w
same population, then we replace the redundant sequencéd out of the 200 generations attempt&bme applica-
with ones that are randomly generatékhe characteris-  tions, like fft, had signiGEcant imprements. Theapplica-
tics of this genetic algorithm search arery similar to tions with lager functions tend to ka nore successfully
those used in past studiefl4, 2] except the objecte applied phases, which can often lead togdar
function nav is mnimizing the WCET improvements when searching for arfesftive qotimiza-
Table 3 shavs the WCET prediction results for the tion sequenceWhile there were some aberrations due the

benchmarks in dble 1. The batch sequenceresults are  andomness of using a genetic algorithm, most of the
those that are obtained from the sequence of appliePenchmarks had impved WCETs. TheWCET gcles

phases when we use VRQEfault batch optimizer The decreased by 6.6% omeage. Thidllustrates the beneEt
batch compiler iterately applies optimization phases Of_ using a genetic algqnthm to search fofeefive qoti-
until there are no additional imprements. Thusthe mization sequences to imp@WCET.

batch compll_er prades a much more aggressitaseline 2 There are still small someverestimations that we need to ad-
than a compiler that abys uses a_(Ed length of Phases dress. Thiproblem is gacerbated due to not\iag access to the source
[2]. Theobserved cyclewere obtained from running the code of the SC100 simulator and the simulated pipelinevimhaot al-

compiled programs through the SC100 simulatal ways eactly matching the bekisr described in the SC100 documenta-
tion.




Batch Sequence Best Sequence from GA || WCET GA
Catggory Program Obsered | WCET | . | Obsered | WCET | _ . || to WCET
Cycles Cycles ato Cycles Cycles alloll Batch Ratio
corvolution 683 691 | 1.012 619 627 | 1.013 0.907
comple_update 152 158 | 1.039 149 155| 1.040 0.981
dot_product 121 132 | 1.091 110 119| 1.082 0.902
Er 1133 1140 | 1.006 1004 1012| 1.008 0.888
Er2dim 5809 6100 | 1.050 5430 5668| 1.044 0.929
iir_biquad_one_section 133 1401.053 130 137| 1.054 0.979
DSPstone| iir_biquad_N_sections 1175 1194 | 1.016 1282 1297| 1.012 1.086
Ims 1599 1609 | 1.006 1259 1269| 1.008 0.789
matrix 39213 39668 | 1.012 35624 35976| 1.010 0.907
matrix_1x3 274 291 | 1.062 260 274 | 1.054 0.942
n_comple_updates 2869 2875 | 1.002 2821 2826| 1.002 0.983
n_real_updates 1698 1705 | 1.004 1442 1449| 1.005 0.850
real_update 81 88 | 1.086 85 90 | 1.059 1.023
fft 78128 78645| 1.007 61572 61634 1.001 0.784
summidall 19508 19515 | 1.000 18510 18516 1.000 0.949
other summinmax 24011 | 24017 | 1.000 22010 22016| 1.000 0.917
sumngpos 20010 20015 | 1.000 19011 19018| 1.000 0.950
sumoddeen 22021 23045| 1.046 22023 22045 1.001 0.957
sym 223366 | 228125 | 1.021]| 218416 223076/ 1.021 0.978
aveage 23262 23639 | 1.027 21724 22011| 1.022 0.934
Table 3: WCET Prediction Results
optimizing for WCET || optimizing for space optimizing for both
Category Program effect efect efect efect efect efect | aqg efect
on WCET | onsize || on WCET | onsize|| on WCET | onsize| on both
convolution 0.907 0.956 0.907 0.956 0.907 0.956 0.931
comple_update 0.981 0.964 1.272 0.982 0.981 0.982 0.982
dot_product 0.902 0.927 0.902 0.927 0.902 0.927 0.914
Er 0.888 0.948 1.149 0.916 0.889 0.948 0.918
Er2dim 0.929 0.976 0.930 0.906 0.930 0.906 0.918
iir_biquad_one_section  0.979 0.981 1.021 1.000 0.979 0.981 0.980
DSPstone| iir_biquad_N_sections 1.086 1.000 1.226 0.991 1.136 0.991 1.063
Ims 0.789 0.926 0.789 0.921 0.890 0.955 0.922
matrix 0.907 0.929 0.997 0.996 0.967 0.969 0.968
matrix_1x3 0.942 0.846 0.942 0.846 0.942 0.846 0.894
n_comple_updates 0.983 1.000 1.033 0.966 0.994 0.990 0.992
n_real_updates 0.850 0.949 0.850 0.949 0.850 0.949 0.899
real_update 1.023 1.014 1.023 1.014 0.898 0.942 0.920
fft 0.784 0.942 0.788 0.913 0.775 0.910 0.842
summidall 0.949 1.021 0.949 1.021 0.949 1.021 0.985
other summinmax 0.917 0.889 1.333 0.857 0.917 0.889 0.903
sumngpos 0.950 1.133 1.000 1.022 1.000 1.000 1.000
sumoddeen 0.957 1.134 1.305 1.000 0.979 1.015 0.997
sym 0.978 0.961 0.999 0.931 1.000 0.971 0.985
aveage 0.934 0.967 1.022 0.953 0.941 0.954 0.948

Table 4: Effect on WCET and Code Size Using the Tlee Fitness Criteria

In addition to imprging WCET, we thought it would for each &ctor pptimizing for both For each type of
be interesting to see the impement in code sizeTable search, we sho the efect both on WCET and on code
4 shows the results obtained for each benchmark by apply-size. Theresults that are supposed to imgaccording
ing the genetic algorithm when changing the (Etness critethe speciCEed Etness criteria used awan shoboldfce.
ria. For each benchmark we performed threded#nt For these results, the genetic algorithmasnable to typi-
searches, which are based on WCET oojti(nizing for cally End a sequence for each benchmark that either
WCET), code size onlydptimizing for spacge and 50%  achieves the same result or obtains an imyea result as



compared to the batch compilatiolhe results when
optimizing for both WCET and code size sleal that we
were able to achie a letter werall bene@®t when both
WCET and code size are considered.
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on tuning the WCET of embedded application§e an
vary the characteristics of the genetic algorithm seatlch.

program.

would be interesting to see thefesit on a search as one 10. Refeences

changes aspects of the genetic algorithm, such as the
sequence length, population size, number of generations[,l]
etc. In addition, it would be interesting to perform
searches wolving more aggresgé mpiler optimiza-
tions, diferent benchmarks, and fdifent processors.

Now that we hae integrated a timing analyzer with a
compiler there are a number of compiler optimizations [2]
that we plan to delop with the goal of reducing the
WCET. These optimizations will use the WCET path
information preided by the timing analyzer to de the
optimizations that will be performed.

8. Conclusions

There are seral contrilutions that we hae pesented
in this paper First, we hae demonstrated that it is possi-
ble to intgrate a timing analyzer with a compiler and that
these WCET predictions can be used by the application
developer and the compiler to makphase ordering deci- [5]
sions. Displayinghe impravement in WCET during the
tuning process alles a deeloper to easily guge the
progress that has been madea the best of our knel-
edge, we beliee tis is the Erst compiler that interacts [g]
with a timing analyzer to use WCET predictions during
the compilation of applicationsSecond, we ha sown
that the WCET predictions can be used as a (Etness criteria
by a genetic algorithm that Endfeetive gtimization (7]
sequences to impve the WCET of applications on an
embedded processobDne adantage of using WCET as a
(Etness criteria is that the searches for dectieé
sequence are muchdgter The derelopment emironment (8]
for mary embedded systems is féifent than the tget
ervironment. Thussimulators are used when testing an
embedded applicatiorExecuting the timing analyzer typ-
ically requires a small fraction of the time thabwid be
required to simulate thexecution of the application.
Finally, we have shavn that both WCET and code size
improvements can be simultaneously obtaindgbth of
these criteria are importanadtors when tuning applica-
tions for an embedded processor
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