Static Coarse Grain T ask Sc heduling with Cac he Optimization Using Op enMP Hirofumi Nak ano y , Kazuhisa Ishizak a z , Motoki Obata z , Keiji Kim ura z , Hironori Kasahara z f hnak ano,ishizak a,obata,kim ura,k asahara g @oscar.elec.w aseda.ac.jp y W aseda Univ ersit y , 3-4-1 Ohkub o, Shinjuku-ku, T oky o, 169-8555, Japan z W aseda Univ ersit y & Adv anced P arallelizing Compiler Pro ject Abstract. E�ectiv e use of cac he memory is getting more imp ortan t with increasing gap b et w een the pro cessor sp eed and memory access sp eed. Also, use of m ultigrain parallelism is getting more imp ortan t to impro v e e�ectiv e p erformance b ey ond the limitation of lo op iteration lev el parallelism. Considering these factors, this pap er prop oses a coarse grain task static sc heduling sc heme considering cac he optimization. The prop osed sc heme sc hedules coarse grain tasks to threads so that shared data among coarse grain tasks can b e passed via cac he after task and data decomp osition considering cac he size at compile time. It is implemen ted on OSCAR F ortran m ultigrain parallelizing compiler and ev aluated on Sun Ultra80 four-pro cessor SMP w orkstation, using Swim and T omcatv from the SPEC fp 95. As the results, the prop osed sc heme giv es us 4.56 times sp eedup for Swim and 2.37 times on 4 pro cessors for T omcatv resp ectiv ely against the Sun F orte HPC 6 lo op parallelizing compiler. 1 In tro duction With increasing gap b et w een pro cessor and memory access sp eeds, lo calit y op- timization for cac he is getting more imp ortan t to impro v e e�ectiv e p erformance of m ultipro cessor system. Also, it is getting di�cult to impro v e p erformance of m ultipro cessor system dramatically using traditional lo op parallel pro cessing with maturit y of lo op parallelization tec hniques. T o o v ercome the di�cult y and to get scalable p er- formance impro v emen t, exploitation of m ultigrain parallelism, whic h hierarc hi- cally uses coarse grain parallelism among lo ops and subroutines, lo op parallelism among lo op iterations and (near) �ne grain parallelism among instructions or statemen ts [1{3], is needed. As to cac he optimization b y compilers, there has b een made v arious stud- ies, suc h as, a�ne partitioning [4{6] whic h uni�es m ultiple lo op restructures, a v ertical execution of tasks after lo op decomp osition [7], a cac he optimization among coarse grain tasks for a single pro cessor [8] and for shared memory m ul- tipro cessors with dynamic task sc heduling [9].

This pap er describ es a static coarse grain task sc heduling with cac he opti- mization [2, 3, 9] based on data lo calization metho d [10, 11]. This sc heme is im- plemen ted on OSCAR m ultigrain parallelizing compiler [12]. OSCAR compiler generates Op enMP F ortran whose coarse grain tasks are statically sc heduled to parallel threads with cac he optimization from a sequen tial F ortran program. In Section 2, coarse grain task parallel pro cessing is describ ed. Section 3 prop oses a static coarse grain task sc heduling with cac he optimization using Op enMP . Also, the e�ectiv eness of the prop osed sc hemes is ev aluated on Sun Ul- tra80 four-pro cessor SMP w orkstation using Swim and T omcatv from the SPEC fp 95 b enc hmark suite in Section 4. Finally , concluding remarks are describ ed in Section 5. 2 Coarse Grain T ask P arallel Pro cessing This section describ es coarse grain task parallel pro cessing, whic h is a part of m ultigrain parallel pro cessing. Coarse grain task parallel pro cessing uses paral- lelism among three kinds of macro-tasks, or coarse grain tasks, namely , blo c k of pseudo assignmen t statemen ts (BP A), rep etition blo c k (RB) and subroutine blo c k (SB). The compiler decomp oses a source program in to macro-tasks. Also, it generates macro-tasks hierarc hically inside a sequen tial rep etition blo c k and a subroutine blo c k. Coarse grain task parallelization b y OSCAR compiler is p erformed in the follo wing steps. 1. Decomp osition of a source program in to macro-tasks. 2. Analysis of data and con trol o ws among macro-tasks and generation of Macro Flo w Graph (MF G) represen ting data and con trol o ws. 3. Analysis of Earliest Execution Condition (EEC) based on data and con trol dep endence analysis that represen ts the condition, on whic h macro-task ma y start its execution earliest, and generation of Macro T ask Graph (MTG) that represen ts the EEC. 4. Sc heduling macro-tasks to pro cessors or pro cessor groups. When a macro-task graph has no conditional dep endencies, macro-tasks are statically sc heduled to pro cessors or pro cessor clusters at a compiler time and parallelized co de is generated for eac h pro cessor according to the sc hedul- ing results. When macro-task graph con tains con trol dep endencies, compiler generates dynamic sc heduling routine to assign macro-tasks to pro cessors or pro cessor clusters at a run time and em b eds the dynamic sc heduling routine to the generated parallelized co de with macro-task co de in order to cop e with run time uncertain ties. In the follo wing, the details of the ab o v e steps are describ ed 2.1 Generation of Macro-T asks [13] The compiler �rst generates macro-tasks, namely , blo c k of pseudo assignmen t statemen ts (a basic blo c k or a blo c k merging sev eral basic blo c ks), rep etition blo c ks and subroutine blo c ks from a source program. F urthermore, compiler hi- erarc hically decomp oses the b o dy of sequen tial rep etition blo c k and a subroutine blo c k. If a rep etition blo c k (RB) is a parallelizable lo op, it is divided in to di�eren t partial lo ops b y lo op iteration direction taking in to consideration the n um b er of pro cessors, cac he size and so on. These partial lo ops are de�ned as di�eren t macro-tasks to b e executed in parallel. 2.2 Generation of Macro Flo w Graph After the generation of macro-tasks, the data and con trol o ws among macro- tasks for eac h la y er are analyzed hierarc hically , and represen ted b y macro o w graph (MF G) as sho wn in Fig.1(a). In the Fig. 1(a), no des represen t macro-tasks, solid edges represen t data dep endencies among macro-tasks and dotted edges represen t con trol o w. A small circle inside a no de represen ts a conditional branc h inside a macro-task. Though arro ws of edges are omitted in the macro o w graph, it is assumed that the directions are do wn w ard. 2.3 Generation of Macro T ask Graph T o extract parallelism among macro-tasks from macro o w graph, compiler anal- yses Earliest Executable Condition of eac h macro-task. Earliest Executable Con- dition represen ts the conditions on whic h macro-task ma y b egin its execution earliest. Earliest Executable Condition of macro-task is represen ted in macro task graph (MTG) as sho wn in Fig. 1(b). In the MTG, no des represen t macro-tasks. A small circle inside no des rep- resen ts conditional branc hes. Solid edges represen t data dep endencies. Dotted edges represen t extended con trol dep endencies. Extended con trol dep endency means ordinary normal con trol dep endency and the condition on whic h a data dep endence predecessor macro-task is not executed. Solid and dotted arcs con- necting solid and dotted edges ha v e t w o di�eren t meanings. A solid arc represen ts that edges connected b y the arc are in AND relationship. A dotted arc represen ts that edges connected b y the arc are in OR relationship. In macro task graph, though arro ws of edges are omitted assuming do wn w ard, an edge ha ving arro w represen ts original con trol o w edges, or branc h direction in macro o w graph. 2.4 Macro-T ask Sc heduling In the coarse grain task parallel pro cessing, static sc heduling and dynamic sc hedul- ing are used for assignmen t of macro-tasks to pro cessors or pro cessor clusters whic h are de�ned b y compiler. A suitable sc heduling sc heme is selected consid- ering the shap e of macro task graph and target mac hine parameters suc h as the sync hronization o v erhead, data transfer o v erhead and so on.

Fig. 1. Macro Flo w Graph and Macro T ask Graph If a macro task graph has only data dep endencies and is deterministic, static sc heduling is selected. In the static sc heduling, assignmen t of macro-tasks to pro cessors or pro cessor clusters is determined b y a sc heduler at compile time. Static sc heduling is useful since it allo ws us to minimize data transfer and syn- c hronization o v erhead without run-time sc heduling o v erhead. If a macro task graph has con trol dep endencies, dynamic sc heduling is se- lected to cop e with run time uncertain ties lik e conditional branc hes. Sc heduling routine for dynamic sc heduling are generated and em b edded in to a parallelized program with macro-task co de b y the compiler to eliminate the o v erhead for run time thread sc heduling b y OS. 3 Static Coarse Grain T ask Sc heduling with Cac he Optimization In this section, the static sc heduling algorithm considering cac he optimization for coarse grain task parallel pro cessing is describ ed. In this pap er, macro-tasks are assigned to pro cessors, or threads, b ecause the SMP mac hine used for this p erformance ev aluation has only four pro cessors. The o v erview of the prop osed algorithm is sho wn b elo w. When a macro-task M T i is executed on a pro cessor, the data de�ned or referred in M T i is lik ely to b e on cac he of the pro cessor when the macro-task �nishes. If a succeeding macro- task M T j that shares a lot of data with M T i is assigned to the same pro cessor immediately after M T i , a large p ortion of the shared data can b e transferred from M T i to M T j through a cac he. 3.1 Macro-T ask Decomp osition In the case where the amoun t of data de�ned or referred in a macro-task M T i is m uc h larger than cac he size, ev en if a macro-task M T j whic h shares a large amoun t of data with M T i is assigned immediately after M T i , a large part of shared data w ould b e already replaced, and couldn’t b e transferred through a cac he to M T j . Therefore, in this case macro-tasks and data should b e decom- p osed in to smaller macro-tasks with data �tting to cac he. T o reduce data transfer o v erhead among macro-tasks assigned to di�eren t pro cessors and to transfer the shared data through a cac he b et w een macro-tasks assigned to the same pro cessor, a lo op aligned decomp osition [10, 11] considering b oth amoun t of shared data and parallelism among macro-tasks is useful. The lo op aligned decomp osition can b e applied to arbitrary macro-task graph, in whic h RBs lik e doall lo ops and reduction lo ops are connected b y data dep en- dence edges. 3.2 Static Sc heduling Algorithm DT-Gain/CP/MISF DLG This section prop oses DT-gain/CP/MISF DLG algorithm (Data T ransfer Gain/ Critical P ath/Most Immediate Successors First considering Data Lo calization Group). This algorithm sc hedules macro-tasks to pro cessors so that tasks inside a Data Lo calization Group (DLG), whic h is a group of tasks generated b y Lo op Aligned Decomp osition sharing the large data, are assigned to the same pro cessor and a task outside DLG or an en trance task of a DLG are assigned to a pro cessor ha ving the largest Data Gain, or the most shared data to b e accessed b y the task. If there are m ultiple com binations of a ready task and a pro cessor ha ving the same Data Gain, a com bination with a task ha ving the largest path length to the exit no de on the MTG (Macro T ask Graph) is c hosen. F urthermore, if there are m ultiple suc h com binations, a com bination with a task ha ving the largest n um b er of immediate successors is c hosen. The details of the algorithm are follo ws. Step 1 : Calculate the largest path length, or CP , from eac h task no de to the exit no de on a target Macro T ask Graph (MTG). Step 2 : Find ready tasks of whic h the all preceding tasks �nish their execution or preceding task do es not exist.

Step 3 : If there is a ready task b elonging to a Data Lo calization Group of whic h one or more preceding tasks inside the same DLG are already assigned to a pro cessor, assign the ready task to the same pro cessor as the preceding tasks. Rep eat Step 3 un til suc h ready tasks do es not exist Step 4 : Calculate Data Gain for ev ery com bination of ready tasks out side DLG or a ready task that is an en trance no de of a DLG and idle pro cessors. Here, Data Gain is an amoun t of shared data existing on eac h pro cessor to b e accessed b y the ready task and means the data transfer amoun t to b e reduced if the ready task is assigned to the pro cessor. Assign a ready task to a pro cessor in the com bination with the largest Data Gain. If there are com binations with the same largest data gain, c ho ose a com bination including a ready task ha ving the largest CP as the ab o v e com bination. F urthermore, if there are com binations ha ving the largest CP , c ho ose a com bination including a ready task ha ving the most immediate succeeding tasks. If there exist tasks that ha v e not b een assigned, go to Step 2. Otherwise �nish sc heduling. 4 P erformance Ev aluation This section describ es p erformance ev aluation. P erformance is ev aluated on Sun Ultra80 four-pro cessor SMP w orkstation using Swim and T omcatv from the SPEC fp 95. 4.1 OSCAR F ortran Multigrain P arallelizing Compiler OSCAR F ortran m ultigrain parallelizing compiler, on whic h the prop osed sc hedul- ing sc heme, consists of a fron t end, a middle path and m ultiple bac k ends is as sho wn in Fig. 2. A fron t end reads in F ortran77 and Op enMP and generates in termediate language. A middle path analyses con trol o w and data dep endence, restructures pro- gram, generates macro-tasks and exploits parallelism. It statically sc hedules coarse grain tasks considering cac he optimization and generates parallelized in- termediate co de. In OSCAR F ortran compiler, v ariet y of bac k ends as sho wn in Fig. 2 are pro vided for di�eren t target mac hines lik e OSCAR m ultipro cessor system [13], UltraSparc pro cessors, F ujitsu VPP v ector sup ercomputers, heterogeneous clus- ter computing system with ST AMPI and SMP mac hines with Op enMP . They generate assem bly co des or parallelized F ortran co des with library calls or direc- tiv es for eac h target mac hines. The prop osed static sc heduling sc heme for coarse grain tasks considering cac he optimization is implemen ted on the middle path. Our coarse grain task parallel pro cessing using Op enMP [3, 9] uses \one time single lev el thread gener- ation metho d" whic h forks and joins threads only once at the b eginning and the end of execution resp ectiv ely to reduce thread generation o v erhead. Ho w ev er, this metho d realizes hierarc hical coarse grain task parallel pro cessing using Op enMP , regardless single lev el thread generation, b y generating di�eren t co des for eac h thread [9]. The generated Op enMP F ortran is compiled b y a nativ e compiler for target mac hine and executed. In other w ords, OSCAR F ortran m ultigrain parallelizing compiler is used as a prepro cessor that translates F ortran77 in to parallelized Op enMP F ortran. Fig. 2. A Comp osition of OSCAR F ortran Multigrain P arallelizing Compiler 4.2 Ev aluation En vironmen t This subsection describ es m ultipro cessor w orkstation Sun Ultra80, its compiler and b enc hmark programs used for the ev aluation. The sp eci�cation of Sun Ultra80 four-pro cessor SMP w orkstation and F orte lo op automatic parallelizing compiler are sho wn in T able 1. Also, the used com- pile option for F orte compiler is sho wn in T able 2. In T able 2, F orte means compile options used in F orte compiler for a single pro cessor and for automatic parallelization. Also OSCAR means compile options when Op enMP co des gen- erated b y OSCAR compiler are compiled b y F orte compiler. As application programs for the ev aluation, Swim and T omcatv from the SPEC fp 95 b enc hmark suite are used. Ref data set is used as input data. In this ev aluation, some parts of program sources are restructured b y hand b ecause the curren t v ersion of OSCAR compiler has concen trated on dev eloping original sc hemes and has not implemen ted some traditional program restructur- ing tec hniques. F or example, in Swim, three subroutines, CALC1, CALC2 and CALC3, consume large execution time. These subroutines share a large amoun t

T able 1. The Sp eci�cation of Sun Ultra80 V ender Sun Microsystems CPU 450MHz UltraSP AR C-I I 4 pro cessors SMP L1 Instruction 16Kb yte Cac he Pseudo 2-W a y Set Asso ciativ e Line size: 32b yte L1 Data 16Kb yte, Direct-Map Cac he Line size: 32b yte (Tw o 16b yte sub-blo c ks) W rite-through Non-allo cating L2 4Mb yte, Direct-Map Uni�ed Line size: 64b yte Cac he W rite-bac k, Allo cating Main Memory 1024Mb yte OS Solaris8 Compiler F orte[tm] HPC 6 up date 1 T able 2. Compile Option Single pro cessor Multipro cessor F orte -fast -parallel -reduction -stac kv ar -fast OSCAR -fast -explicitpar -mp=op enmp of data. F or these three subroutines, inline expansion and exible cloning [14] are man ually applied. Also, in T omcatv, an arra y size is input from an input �le at run time. Ho w ev er, in this pap er, arra y size of ref data set is describ ed as a parameter to use static sc heduling. Also, lo op in terc hange and arra y subscript exc hange are man ually applied for T omcatv. P erformance ev aluation results for the restructured Swim and T omcatv are sho wn in Fig. 3, 4, resp ectiv ely . These �gures sho w sp eedup against sequen tial execution time b y F orte compiler for a single pro cessor. Also, eac h execution time w as measured �v e times and the fastest time w as as the plotted result. In Fig. 3, the sequen tial execution time of Swim compiled b y F orte w as 99.7 seconds. The sp eedups (execution times) of automatic lo op parallelization b y F orte compiler w ere 1.51 times (66.1 seconds) for 2PEs, 1.60 times (62.5 seconds) for 3PEs and 1.66 time (60.2 seconds) for 4PEs. When OSCAR compiler w as used as a prepro cessor of F orte compiler, the sp eedups (execution times) w ere

1.23 times (81.3 seconds) for 1PE, 2.08 times (47.9 seconds) for 2PEs, 3.59 times (27.8 seconds) for 3PEs and 7.55 times (13.2 seconds) for 4PEs. The sp eedup b y the prop osed sc heme w as sup er linear b y successful cac he optimization. In Fig. 4, the sequen tial execution time of T omcatv compiled b y F orte w as 107.8 seconds. The sp eedups (execution times) of automatic lo op parallelization b y F orte compiler w ere 1.28 times (84.3 seconds) for 2PEs, 1.36 times (79.3 seconds) for 3PEs and 1.37 time (78.6 seconds) for 4PEs. When OSCAR compiler w as used as a prepro cessor of F orte compiler, the sp eedups (execution times) w ere 1.07 times (101.1 seconds) for 1PE, 1.68 times (64.0 seconds) for 2PEs, 2.12 times (50.9 seconds) for 3PEs and 3.26 times (33.1 seconds) for 4PEs. A t these ev aluations, L2 cac he misses in Swim compiled b y F orte compiler w ere ab out 3 : 4 � 10 8 for 1PE, 3 : 2 � 10 8 for 2PEs, 3 : 1 � 10 8 for 3PEs and 3 : 0 � 10 8 for 4PEs. On the con trary , L2 cac he misses of OSCAR compiler w ere ab out 2 : 0 � 10 8 for 1PE, 1 : 8 � 10 8 for 2PEs, 9 : 3 � 10 7 for 3PEs and 4 : 5 � 10 7 for 4PEs. Also, though L2 cac he misses in T omcatv compiled b y F orte compiler w ere ab out 2 : 7 � 10 8 for 1PE, 3 : 8 � 10 8 for 2PEs, 3 : 9 � 10 8 for 3PEs and 4 : 0 � 10 8 for 4PEs, L2 cac he misses of OSCAR compiler w ere ab out 2 : 0 � 10 8 for 1PE, 2 : 4 � 10 8 for 2PEs, 1 : 3 � 10 8 for 3PEs and 9 : 3 � 10 7 for 4PES. These results sho w the prop osed static coarse grain task sc heduling sc heme realizes 4.56 times and 2.37 times sp eedup against F orte compiler for Swim and T omcatv b y the impro v emen t of L2 cac he hit. 5 Conclusions This pap er has prop osed a static coarse grain task sc heduling with cac he opti- mization using Op enMP . The prop osed sc heme is implemen ted on OSCAR F or- tran m ultigrain parallelizing compiler, sequen tial F ortran is input and Op enMP F ortran whose coarse grain tasks are statically sc heduled with cac he optimization is output. Its p erformance is ev aluated on Sun Ultra80 four-pro cessor SMP w orkstation, using Swim and T omcatv from the SPEC fp 95. The results of ev aluation sho w us that sp eedups of Swim and T omcatv for 4 pro cessors w ere 7.55 times and 3.26 times resp ectiv ely against sequen tial execution time of them compiled b y F orte. A part of this researc h has b een supp orted b y METI/NEDO Millennium Pro ject IT21 \Adv anced P arallelizing Compiler" and ST AR C \Compiler co op- erativ e single c hip m ultipro cessor" pro ject. References 1. APC. h ttp://www.ap c.w aseda.ac.jp/. 2. M. Ok amoto, K. Aida, M. Miy aza w a, H. Honda, and H. Kasahara. A hierarc hical macro-data o w computation sc heme for oscar m ulti-grain compiler. T r ans. IPSJ , 35(4):513{521, 1994. 3. H. Kasahara, M. Obata, and K. Ishizak a. Automatic coarse grain task parallel pro cessing on smp using op enmp. In Pr o c. 12th Workshop on L anguages and Compilers for Par al lel Computing , Aug 2000.

Fig. 3. Sp eedup of Swim Fig. 4. Sp eedup of T omcatv

4. A. W. Lim, G. I. Cheong, and M. S. Lam. An a�ne partitioning algorithm to maximize parallelism and minimize comm unication. In Pr o c. 13th A CM SIGAR CH International Confer enc e on Sup er c omputing , Jun 1999. 5. A. W. Lim, S. Liao, and M. S. Lam. Blo c king and arra y con traction across arbitrar- ily nested lo ops using a�ne partitioning. In Pr o c. of the Eighth A CM SIGPLAN Symp osium on Principles and Pr actic e of Par al lel Pr o gr amming , Jun 2001. 6. A. W. Lim and M. S. Lam. Cac he optimizations with a�ne partitioning. In Pr o c. of the T enth SIAM Confer enc e on Par al lel Pr o c essing for Scienti�c Computing , Mar 2001. 7. S. V a jrac hary a, S. Karmesin, P . Bec kman, J. Crotinger, A. Malon y , S. Shende, R. Oldeho eft, and S. Smith. Smarts: exploiting temp oral lo calit y and parallelism through v ertical execution. In Pr o c. of the 1999 international c onfer enc e on Su- p er c omputing , Jun 1999. 8. D. Inaishi, K. Kim ura, K. F ujimoto, W. Ogata, M. Ok amoto, and H. Kasahara. A cac he optimization with earliest executable condition analysis. In T e chnic al r ep ort of IPSJ , Aug 1998. 9. K. Ishizak a, M. Obata, and H. Kasahara. Coarse grain task parallel pro cessing with cac he optimization on shared memory m ultipro cessor. In Pr o c. 14th Workshop on L anguages and Compilers for Par al lel Computing , Aug 2001. 10. A. Y oshida, K. Koshizuk a, M. Ok amoto, and H. Kasahara. A data-lo calization sc heme among lo ops for eac h la y er in hierarc hical coarse grain parallel pro cessing. T r ans. IPSJ , 40(5):2054{2063, 1999. 11. A. Y oshida, S. Y agi, and H. Kasahara. A data-lo calization sc heme for macrotask- graph with data dep endencies on smp. In T e chnic al r ep ort of IPSJ, 2001-AR C-141 , Jan 2001. 12. H. Kasahara. Par al lel Pr o c essing T e chnolo gy . COR ONA PUBLISHING CO., L TD., 1991. 13. H. Kasahara, H. Honda, A. Mogi, A. Ogura, K. F ujiw ara, and S. Narita. A m ulti- grain parallelizing compilation sc heme for oscar. Pr o c. 4th Workshop on L anguages and Compilers for Par al lel Computing , Aug 1991. 14. K. Y oshii, G. Matsui, M. Obata, S. Kumaza w a, and H. Kasahara. An analysis-time pro cedure inlining sc heme for m ulti-grain automatic parallelizing compilation. In T e chnic al r ep ort of IPSJ, AR C/HPC , Mar 2000.