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ABSTRACTEmbedded systems require maximum performan
e from apro
essor within signi�
ant 
onstraints in power 
onsump-tion and 
hip 
ost. Using software pipelining, pro
essors
an often exploit 
onsiderable instru
tion-level parallelism(ILP), and thus signi�
antly improve performan
e, at the
ost of substantially in
reasing register requirements. Thesein
reasing register requirements, however, make it diÆ
ultto build a high-performan
e embedded pro
essor with a sin-gle, multi-ported register �le while maintaining 
lo
k speedand limiting power 
onsumption.Some digital signal pro
essors, su
h as the TI C6x, redu
ethe number of ports required for a register bank by parti-tioning the register bank into multiple banks. Disjoint sub-sets of fun
tional units are dire
tly 
onne
ted to one of thepartitioned register banks. Ea
h register bank and its asso-
iate fun
tional units is 
alled a 
luster. Clustering redu
esthe number of ports needed on a per-bank basis, allowingan in
reased 
lo
k rate. However, exe
ution speed 
an behampered be
ause of the potential need to 
opy \non-lo
al"operands among register banks in order to make them avail-able to the fun
tional unit performing an operation. Thetask of the 
ompiler is to both maximize parallelism andminimize the number of remote register a

esses needed.Previous work has 
on
entrated on methods to partitionvirtual registers amongst the target ar
hite
ture's 
lusters.In this paper, we show how high-level loop transformations
an enhan
e the partitioning obtained by low-level s
hemes.In our experiments, loop transformations improved softwarepipelining by 27% on a ma
hine with 2 
lusters, ea
h having1 
oating-point and 1 integer register bank and 4 fun
tionalunits. We also observed a 20% improvement on a similarma
hine with 4 
lusters of 2 fun
tional units. In fa
t, by

performing the des
ribed loop transformations we were ableto show improvements of greater than 10% over s
hedules(for un-transformed loops) generated with the unrealisti
assumption of a single multi-ported register bank.
Categories and Subject DescriptorsD.3.4 [Programming Languages℄: Pro
essors|
ode gen-eration, optimization
1. INTRODUCTIONEmbedded systems in general, and digital signal pro
essing(DSP) appli
ations in parti
ular require maximum perfor-man
e within signi�
ant 
onstraints for power 
onsumptionand 
hip 
ost. With aggressive instru
tion s
heduling te
h-niques, like software pipelining [20, 23, 3℄, DSP pro
essors
an exploit 
onsiderable instru
tion-level parallelism (ILP),and thus signi�
antly improve performan
e. Unfortunately,su
h an in
rease in ILP leads to a large demand for ma
hineregisters. To support the amount of parallelism attainablewith software pipelining on DSP ar
hite
tures, the numberof ports required for a single register bank would severelyhamper a

ess time [11, 15℄, power, and 
hip 
ost. One wayto ameliorate this problem is to partition the ma
hine reg-ister banks su
h that a subset of the ma
hine's fun
tionalunits is dire
tly 
onne
ted to ea
h register bank. These fun
-tional unit/register bank subsets are 
alled 
lusters. Parti-tioned register banks are one me
hanism for providing highdegrees of ILP while maintaining a high 
lo
k rate, an a
-
eptable power budget, and a reasonable 
ost. Texas Instru-ments, for example, already produ
es several DSP 
hips thathave partitioned register banks to support high ILP [27℄.In one sense, partitioned register banks seem to be a naturalar
hite
tural feature to support software pipelining, sin
e,using multiple register banks, we 
an build ILP ar
hite
turesthat provide a multitude of registers without substantiallyin
reasing 
y
le time. Unfortunately, partitioned registerbanks also inhibit ILP as some me
hanism is required to al-low fun
tional units a

ess to \non-lo
al" values (i.e. values
ontained in a di�erent 
luster). One approa
h to providenon-lo
al register values is to add extra instru
tions to movethe data to the register bank of the target fun
tional unit.Another approa
h is to provide a 
ommuni
ation network toallow a

ess to non-lo
al values. In either 
ase, a 
ompilermust deal not only with a
hieving maximal parallelism via



aggressive s
heduling, but also with data pla
ement amonga set of register banks.A 
ompiler for an ILP ar
hite
ture with partitioned registerbanks must de
ide for ea
h operation, not only where theoperation �ts in a software-pipelined instru
tion s
hedule,but also in whi
h 
luster(s) the operands of that operationwill reside. This, in turn, will determine whi
h fun
tionalunit(s) 
an perform the operation. Obtaining an eÆ
ientassignment of operations to fun
tional units is not an easytask as two opposing goals must be balan
ed. One, a
hiev-ing near-peak performan
e, requires spreading the 
ompu-tation over the fun
tional units equally, thereby maximizingtheir utilization. The se
ond goal, minimizing 
osts result-ing from 
opy operations, requires pla
ement of all operandsfor an operation in register bank(s) asso
iated with a singlefun
tional unit.This paper fo
uses on high-level loop transformations, su
has loop alignment [6, 7℄ and unroll-and-jam [5, 10℄, that 
an,as a prelude to 
urrent software pipelining te
hniques, en-han
e performan
e on ar
hite
tures with partitioned registerbanks. We use a two-part approa
h. First, we transform theloop for better performan
e on a single 
luster using te
h-niques to improve ILP. Se
ond, we transform parallel loopsas in shared-memory 
ompilation [6, 7℄ so that we 
an spreadthe 
omputation a
ross 
lusters with little 
ommuni
ation.We begin this paper with a dis
ussion of previous work inthe area of generating 
ode for partitioned-register bank ar-
hite
tures. Next, we present a brief introdu
tion to soft-ware pipelining and an overview of our low-level partition-ing s
heme. Then, we present our high-level loop optimiza-tion te
hniques and an experiment showing the speedupsobtained with them. Finally, we present our 
on
lusions.
2. PREVIOUS WORKConsiderable re
ent resear
h has addressed the problemsof ar
hite
tures with partitioned register banks. Most ap-proa
hes use a graph to represent the intermediate 
ode gen-erated from the program. Then from the relationship rep-resented by the graph, these methods attempt to partitionthe operations e�e
tively. We give an overview of some ofthese partitioning te
hniques in this se
tion.Ellis [14℄ des
ribes an early solution to the problem of gener-ating 
ode for partitioned register banks in his dissertation.His method, 
alled BUG (bottom-up greedy), is applied to as
heduling 
ontext at a time (e.g., a tra
e) and is intimatelyintertwined with instru
tion s
heduling, utilizing ma
hine-dependent details within the partitioning algorithm.�Ozer, et al., present an algorithm, 
alled uni�ed assign ands
hedule (UAS), for performing partitioning and s
hedul-ing in the same pass [22℄. They state that UAS is an im-provement over BUG sin
e UAS 
an perform s
hedule-timeresour
e 
he
king while partitioning, allowing UAS to man-age the partitioning with knowledge of the bus utilizationfor 
opies between 
lusters. �Ozer's study of entire programsshowed, for their best heuristi
, an average degradation ofroughly 19% on an 8-wide ma
hine grouped as two 
lustersof 4 fun
tional units and 2 buses.

Nystrom and Ei
henberger [21℄ present an algorithm that�rst performs partitioning with heuristi
s that 
onsider mod-ulo s
heduling. Spe
i�
ally, they try to prevent inserting
opies that will lengthen the re
urren
e 
onstraint of mod-ulo s
heduling. If 
opies are inserted o� 
riti
al re
urren
esin re
urren
e-
onstrained loops, the initiation interval forthese loops may not be in
reased if enough 
opy resour
esare available. Nystrom and Ei
henberger report ex
ellentresults for their te
hnique.Hiser, et al. [16, 17℄, des
ribe our experiments with registerpartitioning in the 
ontext of whole programs and softwarepipelining. Our basi
 approa
h, des
ribed in [16℄ and sum-marized in Se
tion 3.2, abstra
ts away ma
hine-dependentdetails from partitioning with edge and node weights, a fea-ture extremely important in the 
ontext of a retargetable
ompiler. Using ar
hite
tures similar to those used in [22℄,we found a degradation in exe
ution performan
e of 10%on average when 
ompared to an unrealizable monolithi
-register-bank ar
hite
ture with the same level of ILP. Ex-periments with software pipelining showed that we 
an ex-pe
t a 10{25% degradation for software pipelined loops overa 16-wide ar
hite
ture with one register bank. While this ismore degradation than Nystrom and Ei
henberger report,an ar
hite
ture with signi�
antly more ILP was used.S�an
hez and Gonz�alez [24, 25℄ have independently studiedthe e�e
ts of inner-loop unrolling on modulo s
heduled loopson ar
hite
tures with partitioned register banks. In additionto inner-loop unrolling, our method uses unroll-and-jam [12℄and loop alignment [7℄ to improve modulo s
heduled loops[18℄.
3. BACKGROUND
3.1 Software PipeliningWhile lo
al and global instru
tion s
heduling 
an togetherexploit a large amount of parallelism for non-loop 
ode,to best exploit instru
tion-level parallelism within loops re-quires software pipelining. Software pipelining 
an generateeÆ
ient s
hedules for loops by overlapping the exe
ution ofoperations from di�erent iterations of the loop. This over-lapping of operations is analogous to hardware pipeliningwhere speed-up is a
hieved by overlapping exe
ution of dif-ferent operations.Allan et al. [3℄ provide a good summary of 
urrent softwarepipelining methods, dividing software pipelining te
hniquesinto two general 
ategories 
alled kernel re
ognition methods[2, 4℄ and modulo s
heduling methods [20, 23℄. The softwarepipelining used in this work is based upon modulo s
hedul-ing. Modulo s
heduling sele
ts a s
hedule for one iterationof the loop su
h that, when that s
hedule is repeated, noresour
e or dependen
e 
onstraints are violated. This re-quires analysis of the data dependen
e graph (DDG) for aloop to determine the minimum number of instru
tions re-quired between initiating exe
ution of su

essive loop itera-tions. On
e this minimum initiation interval (MinII) is de-termined, instru
tion s
heduling attempts to minimize theloop s
hedule length. If a s
hedule of MinII instru
tions
an be found that does not violate any resour
e or depen-den
e 
onstraints, modulo s
heduling has a
hieved a mini-mum s
hedule. If not, s
heduling is attempted with MinII+1instru
tions, and then MinII + 2, ..., 
ontinuing up to the



worst 
ase whi
h is the number of instru
tions required forlo
al s
heduling. The �rst value of II to produ
e a \legal"s
hedule of the DDG be
omes the a
tual initiation interval.After a s
hedule for the loop itself has been found, 
ode toset up the software pipeline (prelude) and drain the pipeline(postlude) are added. Rau [23℄ provides a detailed dis
us-sion of an implementation of modulo s
heduling, and in fa
tour implementation is based upon Rau's method.
3.2 Register AssignmentIn partitioned register bank ar
hite
tures a distin
t set ofregisters is asso
iated with ea
h fun
tional unit (or 
luster offun
tional units). An example of su
h an ar
hite
ture is theTexas Instruments C6x [27℄. Operations performed in anyfun
tional unit require registers with the proper asso
iatedregister bank, and 
opying a value from one register bank toanother is expensive. The problem for the 
ompiler, then, isto allo
ate registers to banks to redu
e the number of 
opies,while retaining a high degree of parallelism.Our approa
h to this problem is as follows:1. build intermediate 
ode with symboli
 registers, as-suming a single in�nite register bank,2. build data dependen
e graphs (DDGs) and performsoftware pipelining still assuming an in�nite registerbank,3. partition the registers to register banks (and thus pre-ferred fun
tional unit(s)) as des
ribed below.4. apply value 
loning for indu
tion variables and loopinvariants [19℄,5. re-build DDGs and perform instru
tion s
heduling at-tempting to assign operations to the \proper" (
heap-est) fun
tional unit based upon the lo
ation of the reg-isters, and6. with fun
tional units spe
i�ed and registers allo
atedto banks, perform \standard" Chaitin/Briggs graph
oloring register assignment for ea
h register bank [8℄,
3.2.1 Partitioning Registers by ComponentsOur method builds a graph, 
alled the register 
omponentgraph (RCG), whose nodes represent register operands (sym-boli
 registers) and whose ar
s indi
ate that two registers\appear" in the same (atomi
) operation. Ar
s are addedfrom the destination register to ea
h sour
e register. Webuild the register 
omponent graph with a single pass overan \ideal" instru
tion s
hedule whi
h by our de�nition, usesall the 
hara
teristi
s of the a
tual ar
hite
ture, ex
ept thatit assumes that all registers are in a single multi-ported reg-ister bank. In this work, we will use the greedy partitioningmethod des
ribed in [17℄ to partition the RCG built from the\ideal" s
hedule. This method assigns edge weights to theRCG based upon 
ommuni
ation 
osts with positive weightsfor edges that 
onne
t nodes that should go in the sameregister bank and negative weights for edges whose adja
entnodes should go in separate 
lusters. The edge and nodeweights are based upon s
heduling freedom, parallelism and
opy 
osts.

3.2.2 A Partitioning ExampleTo demonstrate the register 
omponent graph method ofpartitioning, 
onsider the following matrix multiply 
ode.for (i = 0; i < n;i++)for (j = 0; j < n; j++) {
0 = 0.0;for (k = 0; k < n; k+=2)
0 += a[i℄[k℄ * b[k,j℄;
0 += a[i℄[k+1℄ * b[k+1,j℄;}We software pipeline the inner loop, assuming a single 
y
lelaten
y for add, and a two-
y
le pipeline for multiply. Inaddition we assume that all loads are 
a
he hits and also usea two-
y
le pipeline. An ideal s
hedule for this inner loop isshown in Figure 1. The 
orresponding register 
omponentgraph appears in Figure 2. The loop kernel requires 4 
y
lesto 
omplete.1load r1, a[i,k℄ add r4,r4,r5load r2, b[k++,j℄ mult r5,r7,r6load r7, a[i,k℄ add r4,r4,r3load r6, b[k++,j℄ mult r3,r1,r2Figure 1: Ideal S
hedule
r3 r4
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r6
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r2
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Figure 2: Register Component GraphOne potential partitioning of the graph in Figure 2 (giventhe appropriate edge and node weights) is the following:P1 = fr1; r2; r3; r4; i1; k1; j1g, P2 = fr5; r6; r7; i2; k2; j2gIn the above partition we assume that i and j (read-onlyvariables) and k (an indu
tion variable) are 
loned to haveone 
opy in ea
h of the 
lusters. This assumption allows usto produ
e the partitioned 
ode of Figure 3, whi
h requires5 
y
les for the loop kernel, a degradation of 20% over theideal s
hedule of Figure 1. The additional instru
tion isne
essary to 
opy the value of r5 from 
luster 2 to 
luster 1,where it is known as r55.1we assume the availability of a load 
ommand that allowsfor either pre-in
rement or post-in
rement of the addressoperand.



load r1, a[i1,++k1℄ 
opy r55, r5load r2, b[k1++,j1℄ mult r5,r7,r6add r4,r4,r55 nopadd r4,r4,r3 load r7, a[i2,++k2℄mult r3,r1,r2 load r6, b[k2++,j2℄Figure 3: Partitioned S
hedule
4. LOOP OPTIMIZATIONIn this se
tion, we show how four loop transformations {s
alar repla
ement [9, 13℄, unroll-and-jam [10, 12℄, loop un-rolling and loop alignment [6, 7℄ { 
an be used to enhan
esoftware pipelining on partitioned register bank ar
hite
-tures. The goal with these transformations is to in
rease theamount of data-independent parallelism in innermost loops,leading to a better partition and software pipeline. We be-gin with an overview of our 
ode generation strategy andthen give an overview on how to improve intra
luster ILPwith loop transformations. Finally, we show how to enhan
edata-independent parallelism a
ross multiple 
lusters.
4.1 Code Generation StrategyThe overall 
ode generation strategy that we will use for aparti
ular loop on a partitioned register bank ar
hite
tureis as follows:1. apply unroll-and-jam to improve intra
luster ILP2. determine the loop alignment 
on
i
ts (sour
es of reg-ister bank 
ommuni
ation) for ea
h loop in a nest3. unroll the loop with the fewest alignment 
on
i
ts by afa
tor of the number of 
lusters to improve inter
lusterILP,4. perform s
alar repla
ement5. use the method from Se
tion 3.2 to generate the �nal
ode.The te
hniques used to improve intra
luster ILP are fromprevious work [13, 12℄. The method to improve inter
lusterILP represents new work.Our goal with these loop transformations is to improve per-forman
e. While 
ode size is an issue in 
ertain embeddedsystems appli
ations, we do not 
onsider it here. This issue
ould be handled within our framework by restri
ting loopunrolling.
4.2 Intracluster ParallelismPrevious work has shown that when the ratio of memoryoperations to 
oating-point operations that a ma
hine 
anperform at peak speed, 
alled ma
hine balan
e, is 
lose tothe ratio of memory operations issued to 
oating-point op-erations issued in a loop, 
alled loop balan
e, loop perfor-man
e is very good [12℄. In the rest of this se
tion, we showby example how s
alar repla
ement and unroll-and-jam 
anlower loop balan
e to be 
loser to ma
hine balan
e in loopsdominated by memory operations. In our 
ode generations
heme for partitioned register banks, this transformed loop

will then be transformed again to improve parallelism a
ross
lusters.
4.2.1 Scalar ReplacementS
alar repla
ement is a transformation that repla
es refer-en
es to array variables with referen
es to sequen
es of tem-poraries in order to e�e
t register allo
ation of array values.For example, in the loopfor(i = 0; i < n; i++)for(j = 0; j < n; j++) {
[i℄[j℄ = 0;for(k = 0; k < n; k++)
[i℄[j℄ += a[i℄[k℄ * b[k℄[j℄;}the referen
es to 
[i℄[j℄ 
an be moved out of the innermostloop and repla
ed with a s
alar temporary as followsfor(i = 0; i < n; i++)for(j = 0; j < 2*n; j++) {
0 = 0;for(k = 0; k < n; k++)
0 += a[i℄[k℄ * b[k℄[j℄;
[i℄[j℄ = 
0;}The result is a loop with a balan
e lowered from 3 to 2(assuming a multiply-a

umulate instru
tion). On most ar-
hite
tures the se
ond loop would run faster.
4.2.2 Unroll-and-JamBefore s
alar repla
ement is applied, we 
an enhan
e its ef-fe
tiveness and improve ILP with unroll-and-jam. Unroll-and-jam is a transformation that 
an be used to improvethe performan
e of memory-bound loops by lowering loopbalan
e. Additional 
omputation 
an be introdu
ed intoan innermost loop body without a proportional in
rease inmemory referen
es. For example, if we unroll-and-jam thej-loop in our matrix multiply example by 2, after s
alar re-pla
ement we getfor(i = O; i < n; i++)for(j = 0; j < 2*n; j+=2) {
0 = 0;
1 = 0;for(k = 0; k < n; k++) {a0 = a[i℄[k℄;
0 += a0 * b[k℄[j℄;
1 += a0 * b[k℄[j+1℄;}
[i℄[j℄ = 
0;
[i℄[j+1℄ = 
1;}The balan
e of this loop is 32 , an improvement of a fa
tor of2 over the original loop. To guide unroll-and-jam, assumings
alar repla
ement will follow, we use the method des
ribedin [12℄.



4.3 Intercluster ParallelismTo 
reate data-independent parallelism a
ross 
lusters, we
an adapt transformations designed for loop parallelism onshared memory multipro
essors. The goal in generating
ode for shared memory multipro
essors is to �nd a loopthat 
arries no true, anti or output dependen
es and 
on-vert it into a parallel loop where ea
h iteration of the loop isindependent from the others. In the 
ontext of partitionedregister bank ar
hite
tures, we 
an partition the registerssu
h that independent iterations of the parallel loop are ex-e
uted on di�erent 
lusters. While the startup overheadfor loop parallelism on shared-memory ma
hines 
an elimi-nate speedup, in our 
ontext, no su
h overhead exists. Thismakes these loop transformations attra
tive for our 
odegeneration strategy.Consider the following parallel loop.parallel for (i = 0; i < n; i++)a[i℄ = b[i℄ + 
[i℄For shared-memory multipro
essors, ea
h iteration 
an beexe
uted on a separate pro
essor in parallel. On partitioned-register-�le ar
hite
tures, ea
h iteration 
ould be s
heduledon a separate 
luster and run in parallel without 
ommuni-
ation (assuming value 
loning is done). We a

omplish thes
heduling by unrolling the loop and allowing the low-levelpartitioning algorithm to �nd the data-independent paral-lelism amongst the original loop body and its 
opies.When a loop 
arries a dependen
e, 
ommuni
ation betweenregister banks may be needed. To determine whi
h depen-den
es 
ause 
ommuni
ation, we 
onsider the e�e
ts of loopalignment on parallelism [6℄. To illustrate how alignmentand unrolling work together 
onsider the following loop:for (i = 0; i < n; i++)for (j = 1; j < n-1; j++) {a[i℄[j℄ = a[i℄[j+1℄ + 1;b[i℄[j℄ = a[i-1℄[j℄;}There is a true dependen
e from the �rst statement to these
ond statement 
arried by the i-loop. If the 
ode for the�rst statement is exe
uted on one 
luster and the 
ode forthe se
ond statement on another, there will either be 
om-muni
ation between 
lusters through 
opying of registers, orthrough a store to and load from memory.To limit 
ommuni
ation we 
an keep the sour
e and sink ofthe dependen
e on the same 
luster and look for data in-dependent parallelism elsewhere. That parallelism 
an befound by using loop alignment and unrolling. After align-ment of the i-loop we get2for (i = 1; i < n-1; i++)for (j = 1; j < n-1; j++) {a[i℄[j℄ = a[i℄[j+1℄ + 1;b[i℄[j℄ = a[i℄[j℄;}2Note that the pre- and post-loop to exe
ute the �rst andlast iterations of the i-loop have been removed.

Now, the dependen
e between the �rst and se
ond state-ments is loop independent. If we unroll-and-jam the alignedi-loop we get 
opies of the innermost loop that are dataindependent (assuming value 
loning of indu
tion variablesand loop invariants is done [19℄).for (i = 1; i < n-1; i+=2)for (j = 1; j < n-1; j++) {/* 
ode for 
luster 1 */a[i℄[j℄ = a[i℄[j+1℄ + 1;b[i℄[j℄ = a[i℄[j℄;/* 
ode for 
luster 2 */a[i+1℄[j℄ = a[i+1℄[j+1℄ + 1;b[i+1℄[j℄ = a[i+1℄[j℄;}The independent se
tions of 
ode 
an now be s
heduled ondi�erent 
lusters with low 
ommuni
ation 
ost.A
tually aligning a loop, however, is unne
essary if we arenot going to generate a shared-memory parallel loop. Con-sider the following unrolled and unaligned loop:for (i = 0; i < n; i+=2)for (j = 1; j < n-1; j++) {/* first loop body */a[i℄[j℄ = a[i℄[j+1℄ + 1;b[i℄[j℄ = a[i-1℄[j℄;/* se
ond loop body */a[i+1℄[j℄ = a[i+1℄[j+1℄ + 1;b[i+1℄[j℄ = a[i℄[j℄;}We 
an s
hedule the �rst statement of the �rst loop bodyand the se
ond statement of the se
ond loop body on thesame 
luster and the other two statements on a di�erent
luster. This would a

omplish the same thing as alignmentas there would be no dependen
es between 
lusters. There-fore, rather than a
tually applying alignment, we use loopalignment to identify the best loop to unroll for partitioning.Unfortunately, alignment is not always possible. It is lim-ited by two types of dependen
es: re
urren
es and multipledependen
es between two statements with di�ering depen-den
e distan
es. Ea
h of these restri
tions on alignmentis 
alled an alignment 
on
i
t be
ause alignment 
annot
hange all loop-
arried dependen
es into loop-independentdependen
es. An alignment 
on
i
t represents register-bank
ommuni
ation if the sour
e and the sink of the dependen
eare put in separate 
lusters. Note that putting the sour
eand sink of su
h a dependen
e in the same 
luster will re-stri
t inter
luster parallelism. As an example, 
onsider thefollowing loop.



for (i = 0; i < n; i++)for (j = 1; j < n-1; j++) {a[i℄[j℄ = a[i℄[j+1℄ + 1;b[i℄[j℄ = a[i-1℄[j℄ + a[i-2℄[j℄;}Alignment 
annot 
hange all of the dependen
es 
arried bythe i-loop into loop-independent dependen
es be
ause oneof the loop-
arried dependen
es has a distan
e of 2 and theother has a distan
e of 1. Aligning the distan
e 1 loop-
arried dependen
e will leave the other loop-
arried depen-den
e as loop 
arried. Thus after unrolling, the original loopbody and its 
opy are not 
ompletely independent. Therewill either be 
ommuni
ation or limited parallelism. Ourstrategy in the fa
e of alignment 
on
i
ts is to unroll theloop with the fewest alignment 
on
i
ts (lowest 
ommuni-
ation 
ost). We use a slight modi�
ation of the algorithm in[7℄ to 
ompute the number of alignment 
on
i
ts in a loop.
5. EXPERIMENTAL EVALUATIONWe have implemented the method des
ribed in Se
tion 4in Memoria, a Fortran sour
e-to-sour
e transformer basedupon the DSystem [1℄. We 
reate a transformed version ofthe original 
ode with Memoria by applying unroll-and-jamand loop unrolling to improve parallelism as des
ribed. Af-ter the transformed version of the 
ode is 
reated we applys
alar repla
ement, 
onstant propagation, global value num-bering, partial redundan
y elimination, operator strengthredu
tion and dead 
ode elimination to both versions of the
ode. Finally, both the transformed and original 
ode arerun through Ro
ket [26℄ to perform partitioning, softwarepipelining [23℄ and register assignment [8℄.Ben
hmark # of Loopstom
atv 5swim 11su2
or 49hydro2d 61mgrid 2applu 52turb3d 19apsi 12Total 211Table 1: Ben
hmark SuiteOperation Cy
lesinteger 
opies 1
oat 
opies 1loads 2stores 4integer mult 5integer divide 12other integer 1other 
oat 2Table 2: Operation Cy
le CountsWe ran our experiments on a set of 211 loops from theSpe
95 ben
hmark suite as shown in Table 1. We report

8 FUs 16 FUsClusters 2 4 2 4% II -2.63 -19.85 -19.58 -35.06Table 3: Partitioned Transformed Code vs. \Ideal"Transformed Coderesults for 4 di�erent partitioned-register-bank ar
hite
tureswith the following 
on�gurations:1. 8 fun
tional units with 2 
lusters of size 42. 8 fun
tional units with 4 
lusters of size 23. 16 fun
tional units with 2 
lusters of size 84. 16 fun
tional units with 4 
lusters of size 4.Ea
h 
luster has 48 integer and 48 
oating-point registers.All fun
tional units are homogeneous and have instru
tiontimings as show in Figure 2. Ea
h ma
hine with 8 fun
tionalunits 
an perform one 
opy between register banks in a single
y
le, while the 16 fun
tional unit ma
hines 
an perform twoper 
y
le.Table 3 shows the e�e
t of partitioning on the transformed
ode in terms of the average per
entage 
hange in initia-tion interval in the row labeled \% II". The negative num-bers indi
ate a degradation in II. We in
lude these numbersfor 
ompleteness sin
e previous work (in
luding our own)has typi
ally evaluated partitioning s
hemes by measuringhow 
lose they 
ould 
ome to the ideal of a single registerbank with enough read/write ports to support all of the ma-
hine's fun
tional units. It is important to note that su
ha single-register-bank ar
hite
ture is not realizable. Thedegradations reported here are 
onsistent with our previouswork[17℄.Table 4 reports the average per
ent 
hange in II a
hievedby our loop transformation algorithm when 
ompared withthe 
ode before loop transformations on ea
h partitioned ar-
hite
ture. Positive numbers indi
ate an improvement in II.Only a 
ouple of loops in our test suite had enough outerloop data reuse for optimization for ILP to be bene�
ial. So,the improvements reported in Table 4 are almost ex
lusivelyas a result of optimization for partitioned ar
hite
tures. Theaverage per
ent improvements ranged from 19.7{35.8%. Ourmethod a
hieved the smallest improvement on the ar
hite
-ture with 8 fun
tional units having 4 
lusters of size 2. Thisis due to 
ontention for the single 
opy unit sin
e having 4
lusters in
reases the number of interbank 
opies.Table 4 also shows the per
ent 
hange in inter
luster 
opiesafter unrolling. For the ar
hite
tures with 2 
lusters, thenumber of 
opies in the loop de
reased by 7%. For thear
hite
tures with 4 
lusters, the 
hange in the number of
opies was negligible. This suggests that unrolling is indeed
reating data-independent parallelism.Table 5 shows how well our transformed loops performed inrelation to the original loop's ideal s
hedule (the s
hedule on



8 FUs 16 FUsClusters 2 4 2 4% II 27.2 19.7 29.8 35.8% Copies 7.0 0.4 7.2 -2.0Table 4: Transformed vs. Original Partitioned Loop8 FUs 16 FUsClusters 2 4 2 4% II 21.7 10.8 20.6 27.8# Improved 150 133 147 164Table 5: Transformed vs. Original \Ideal" S
hedulean ar
hite
ture with a single 
luster). The average per
entimprovement in II over the original 
ode run on the idealar
hite
ture was 10.8{27.8%. Most of the loops in our testsuite, 65{78%, not only signi�
antly improved over the orig-inal loop s
hedule on the partitioned ar
hite
ture, but alsoimproved over the original loop s
hedule on the ideal ar
hi-te
tures with one register bank. The \# Improved" rowshows how many of the 211 loops tested a
tually allowed usto get better results than that available (for un-transformedloops) with the \ideal" 
ase of a single register bank. Theloops where the II did not improve with unrolling were 
aseswhere there was a tie or a small degradation. These loopsdid not have enough data-independent parallelism.Some of the loops that had a degradation 
ontained inner-loop re
urren
es and were unrolled for parallelism. However,many of the loops having inner-loop re
urren
es showed animprovement. We 
ould �nd no 
on
lusive explanation forthis behavior. We believe it is due to the heuristi
 nature ofthe 
ompilation method.
6. CONCLUSIONS AND FUTURE WORKTo make eÆ
ient use of pro
essors with partitioned registerbanks, 
ompilers need to address several diÆ
ult issues. Inthis paper we have des
ribed an algorithm that uses loop un-rolling, unroll-and-jam and loop alignment to improve soft-ware pipelining for partitioned-register-bank ar
hite
tures.These high-level transformations allow us to obtain data-independent 
ode se
tions that 
an be s
heduled on fun
-tional units having separate register banks with mu
h less
ommuni
ation. The 
ode we generated will take better ad-vantage of partitioned-register-bank ar
hite
tures.Our results show that by using high-level loop transforma-tions, we 
an expe
t to see improvements of 20{36% in thea
tual II of a loop over the un-transformed 
ode s
heduledon the same ar
hite
ture. In addition, our transformationsystem 
an expe
t to a
hieve a 11{28% improvement overthe un-transformed 
ode s
heduled on the ideal ar
hite
turewithout partitioned register banks.In the future, we will develop a metri
 for 
omputing un-roll amounts that 
ombines the e�e
ts of intra
luster andinter
luster parallelism. In addition, we are looking intothe e�e
ts of loop fusion on partitioned-register-�le ar
hi-te
tures. As a result of this resear
h, in
reasing levels of

ILP supported by partitioned register banks will be moreattra
tive. By applying high-level loop transformations, ourmethods redu
e the 
ommuni
ation 
ost, expose more par-allelism and in
rease the eÆ
ien
y of loops. We believe thathigh-level transformations must be an integral part of 
om-piling for partitioned-register-bank ar
hite
tures.
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