Western Research Laboratory 100 Hamilton Avenue Palo Alto, California 94301 USA Western Research Laboratory 100 Hamilton Avenue Palo Alto, California 94301 USA

In tro duction Man mo dern computer arc hitectures including cac he-based unipro cessors and most shared memory ultipro cessors presen the programmer with (deceptiv e) uniform access mo del of memory RISC arc hitectures for example pro vide simple load and store instructions to represen memory op erations. In practice, ho ev er, the load instruction ma in olv accessing on-c hip cac he whic is bac ed second lev el cac he of static RAM whic is bac ed main memory The time di�erence et een hit in the �rst lev el cac he and miss to main memory can one to orders of magnitude (see able 1). Programmers seeking to impro erformance sometimes �nd it useful to optimize an algorithm with resp ect to particular memory hierarc Studies lik ], ], and ha rep orted sp eed-ups of 100% and more wing to impro ed cac he erformance when nested lo ops are reordered and matrix algorithms are blo ed. mak use of suc tec hniques, the user ust kno where memory ottlenec ks lie and when transformation impro es erformance. Tw tec hniques are ypically emplo ed to isolate memory ottlenec ks. The least time consuming approac is to statically analyze program, us- ing dep endency analysis to iden tify ho man items will in cac he after certain um er of iterations of lo op ]. Suc tec hniques are imp ortan ecause they are oten tially fast enough to incorp orate in to compilers to automatically manage transformations. Ho ev er, the static tec hniques rely on the simple structure of oth the lo op and the memory system to erform their analyses. The appro ximate nature of analytic tec hniques and the in- Miss enalt (cycles) Mac hine Primary Secondary Remote DEC 3100 DEC 5000 10 SGI (4 no de) 14 40 MIPS 6280 2-4 50 Stanford ASH 14 28 103-136 able 1: Memory Hierarc enalties creasing complexit of the memory hierarc hies they attempt to mo del mak them inappropriate as complete erformance debugging solution. the opp osite end of the sp ectrum, there are trace driv en sim ulators whic sim ulate the execution of ev ery memory reference in program. These sim ulations can mo del the en tire memory hierarc and pro duce access time estimates for ev ery ariable reference in program. The ob vious dra wbac of sim ulation is its cost; for large programs, sim ulation ma quite exp ensiv e. Also, it is non-trivial to correctly mo del complicated memory hierarc particularly when ultiprogramming or ultipro cessing is in olv ed. Our tec hnique strik es balance et een the exp ense of sim ulation and the inaccuracy of static analysis. Our ey observ ation is that if assume memory access time is uniform then, at least for simpler arc hitectures, it is relativ ely heap to correctly estimate the CPU execution time of program. By comparing this uniform access mo del estimate with actual observ ed exe- cution time, can isolate regions in program where the memory hierarc erforms orly The next section discusses the metho for estimating execution time as- suming constan memory access time. Section describ es ho to use the estimate to isolate memory ottlenec ks. Section presen ts memory ot- tlenec to ol implemen tation, MTOOL, whic runs on the DECstation 3100 and 5000. Section pro vides examples of MTOOL’s user in terface. Section rep orts results when the to ol is run on the erfect Club enc hmarks and sci- en ti�c enc hmarks in the SPEC set. Finally section giv es some conclusions ab out the breadth of applicabilit of our tec hnique and suggests directions for future researc h. Estimating Execution Time Consider computer where all instruction sc heduling is handled soft are (i.e., no hardw are in terlo ks) and where eac instruction (including memory access instructions) has kno wn, �xed execution time. or suc computer, can determine the execution time of program giv en instruction execution coun ts using the form ula, exe cution time (# of times ith instruction exe cutes) (time er exe cution of instruction i) Let us try to apply similar tec hnique to RISC arc hitecture. First divide the program in to basic blo ks. basic blo is group of instructions with unique en try oin suc that when the en try instruction executes, all other instructions in the basic blo will execute. It is ossible to iden tify all basic blo ks in most executable programs examining branc instruction destinations and indirect jump tables. After determining the basic blo ks, instrumen the executable �le preceding eac blo with co de to incremen coun ter. Running the instrumen ted program pro duces table of basic blo coun ts. discussion of metho ds for instrumen ting compiled co de is pro vided in the App endix. Using the coun ts and our kno wledge of when hardw are in terlo ks are triggered, can estimate ho long eac basic blo executes. Our estimates will ha shortcomings: 1. Memory access instructions do not execute in constan time. 2. There ma hardw are in terlo ks across basic blo oundaries. The �rst shortcoming is actually the feature on whic our ottlenec detection tec hnique is based. assume all memory accesses tak the mini- um ossible time (t ypically the time for primary cac he hit) and when our prediction disagrees with measured execution time rep ort ottlenec k. The second eakness is not problem for man RISC arc hitectures e- cause there are few hardw are in terlo ks and these in terlo ks rarely cross basic blo oundaries. On the MIPS pro cessor where our exp erimen ts ere erformed, the in ter-blo in terlo ks ere negligible in real co de. If suc in terlo ks ccur with appreciable frequency they can estimated in- strumen ting to collect branc frequencies as ell as basic blo coun ts. The branc frequencies tell us ho often one basic blo precedes another and can impro our estimate including in terlo ks et een adjacen basic blo ks. Th us, ha tec hnique for estimating execution time of whole pro- gram. Moreo er, our metho costs only one instrumen ted program execution rather than requiring full, exp ensiv mac hine sim ulation. The task no is to use this estimation tec hnique to isolate ottlenec ks. Isolating Bottlenec ks In this section, dev elop framew ork for detecting ottlenec ks measur- ing div ergence from predicted eha vior. egin formalizing the notion of measuring actual time sp en in region of co de. measurable ob ject or m-obje ct is set of instructions in whic can iden tify all en try and exit oin ts. The ob ject is measurable ecause can place start timer and stop timer calls at these en try and exit oin ts to measure the time sp en in the ob ject. or example, can time pro cedure placing start timer call at the top of the pro cedure and stop timer calls efore ev ery return statemen t. Similarly can time lo op placing start timer ab the top of the lo op and stop timer elo the ottom of the lo op. sa an m-ob ject is timable if can instrumen the program to mea- sure the time sp en within the ob ject. timable ob ject ust satisfy criteria: 1. The total time sp en within the ob ject substan tially exceeds timer gran- ularit 2. The erturbation created the timer is not signi�can t. The �rst asp ect of timabilit is rarely problem as most systems pro vide at least 1/60th of second timer, and m-ob jects of in terest ypically execute for seconds, min utes, or ev en hours. The erturbation issue is more di�- cult. oid hanging memory erformance, require that the um er of memory op erations erformed the m-ob ject substan tially exceed the um er erformed in clo timer call. In addition, to oid appreciably slo wing the program do wn, require that the time sp en in the m-ob ject substan tially exceed the time to mak clo call. Using the ab criteria, can iden tify regions of the program whose actual execution times can measured. These execution times include, ho w- ev er, not only the ork done in an m-ob ject prop er, but also the ork done on ehalf of the ob ject an pro cedures that it calls. In con trast, the basic blo coun ting estimation tec hnique of the previous section calculates only the ork done in basic blo k; it ignores the time sp en in pro cedure calls. urthermore, while can estimate the total time sp en in pro cedure cannot necessarily determine the time sp en in on ehalf of particular caller. Th us, cannot alw ys estimate the time sp en in and on ehalf of an m-ob ject that calls will sa that the m-ob jects whose execution time can accurately predicted basic-blo coun ting tec hniques are estimable iden tify estimable m-ob jects, exploit information ab out the struc- ture of program’s call graph. In call graph, no des represen pro cedures and there is directed edge from no de to no de if pro cedure calls during the execution of the program. The call graph has distinguished no de, the ro ot, whic is the pro cedure where execution egins. sa no de dominates if ev ery path through the graph from the ro ot to passes through The useful asp ect of the call graph is that no de is estimable if it dominates all of its descendan ts. In tuitiv ely if no de dominates then all the ork in is done on ehalf of Hence, if no de dominates all of its hildren, then the estimated time for that no de and its descendan ts is just the sum of eac of their estimated times, ignoring pro cedure calls. This observ ation serv es as orking de�nition of estimabilit The de�- nition implies that oth the ro ot of the call graph, whic corresp onds to the execution of the whole program, and the lea es whic corresp ond to call-free pro cedures, are estimable. Giv en this op erational de�nition of estimabil- it the primary issue in isolating memory ottlenec ks no ecomes one of gran ularit of detection. could estimate the execution time of the full program and compare this um er against actual run time, but this will only describ the magnitude of the memory e�ects, not lo calize them. Instead, our approac is to �nd set of smaller, timable m-ob jects con taining the ma jorit of memory op erations, and then to select mem ers of this set that are estimable. The next section outlines our algorithm. The Implemen tation This section describ es one implemen tation of the estimable, timable m-ob ject approac to isolating memory ottlenec ks, MTOOL. This sp eci�c implemen- tation is for ortran programs running on MIPS-c hip based orkstations. ortran as hosen as target language ecause large ortran programs of- ten ha memory ottlenec ed regions and uc of the researc on alleviating memory ottlenec ks has concen trated on scien ti�c co de. MTOOL seeks to isolate ottlenec ks at the lev el of pro cedures and lo ops. This decision re ects the fact that pro cedures and lo ops ha natural meaning to the user, satisfy the de�nition of m-ob ject, and ypically run long enough to meet the timabilit criteria. The �rst step of the ottlenec isolation pro cess is to instrumen the program of in terest to collect basic blo coun ts and to run the instrumen ted co de on represen tativ input. The basic blo coun ts are useful not only for estimating execution time; they also pro vide MTOOL with precise kno wledge of where memory op erations are concen trated. MTOOL sorts the pro cedures the um er of memory op erations they execute and selects those that con tain the �rst 95% of all memory op erations. or eac of these pro cedures, MTOOL mak es list of lo ops and tries to measure �rst the individual lo ops and then the whole pro cedure, sub ject to timabilit and estimabilit constrain ts. Timabilit constrain ts are strongly system dep enden t. DEC’s UL TRIX pro vides 1/60th of second gran ularit clo k, but system call is required to read the clo k. The erhead of the system call erturbs execution undesirably The cleanest solution ould to mo dify the op erating system to create clo directly accessible user pro cesses, but simpler, more widely applicable option as to add an in terv al timer to create clo in user memory Start and stop clo calls access the clo in user memory whic is up dated the in terrupts of the in terv al timer. Using the user memory clo k, MTOOL’s timer has gran ularit of 1/60th of second and ork er start/stop call of ab out 70 instructions. The re- sults rep orted in Section seem to indicate this gran ularit and erhead are acceptable. Also, exp ect that in terest in haracterizing and impro v- ing erformance will driv arc hitects and op erating systems programmers to pro vide etter clo ks in the future. this oin t, MTOOL has gathered collection of timable lo ops and pro cedures. The next step is to determine whic of these ob jects is estimable. Conceptually MTOOL uses simple depth �rst algorithm to lab el eac pro cedure in the call graph with parameters: ot cal om to ot of cal om to total of cal to and number of descendants of It is easy to sho that for ev ery no de, ot and ot exactly when is estimable. This relation formalizes the observ a- tion of the previous section that no de is estimable when all the ork of its descendan ts is done on its ehalf. Th us, ha test for estimabilit Extending the test to lo ops simply in olv es hec king the analogous condition that: cal ed in oop cal ed in oop ot of cal om oop to total of cal to In most cases, the lo ops and pro cedures selected MTOOL immediately satisfy the estimabilit condition. The condition is met frequen tly ecause the ob jects selected MTOOL con tain the ma jorit of memory op erations whic ypically means they in olv the most frequen tly executed ortions of co de whic are normally lea es or ob jects all of whose hildren are lea es. When the test is not satis�ed immediately sev eral options are ailable. One natural hoice is to mo up the call graph as kno that ev en tually will encoun ter an estimable no de, the ro ot. This option is not ideal, ho ev er, ecause it reduces the precision with whic lo calize ottlenec ks. etter hoice is to hec whether can in fact accurately estimate the time sp en in pro cedure call. Belo w, describ three cases where can mak an accurate estimate. Man scien ti�c library routines are simple, lo op-free leaf pro cedures that alw ys follo the same execution path. Their estimated execution times are consequen tly constan t. can often iden tify suc pro cedures hec king that they meet conditions: 1. The pro cedure is lo op-free and call-free. 2. The erage time er call as determined basic blo coun ts is equal to the maxim um or minim um ossible time er call. The �rst condition implies the pro cedure is estimable and that can run shortest and longest path algorithms on the con trol o graph of the pro cedure to ound its execution time. Using these ounds, can hec the second condition whic implies that the execution time er call is constan ecause erage equals extrem um. This test �nds that suc common library calls as SQRT() and EXP() ha constan execution times when called in the erfect Club enc hmarks. 1. Instrumen executable program and collect basic blo coun ts. 2. Select lo ops and pro cedures con taining most memory op erations. 3. Eliminate selected ob jects that fail to meet timabilit constrain ts. 4. Eliminate selected ob jects that fail to meet estimabilit con- strain ts. 5. Instrumen co de to measure actual time sp en in remaining se- lected ob jects. 6. Run instrumen ted co de, correlate actual times with estimated times to isolate ottlenec ks, and rep ort ottlenec ks to the user. Figure 1: MTOOL’s Bottlenec Isolation Algorithm Tw other simple heuristics su�ce to eliminate man other problematic calls. Supp ose ob ject calls pro cedure Then, can normally assume erage time er call from to is erage time er call to when either: 1. The ast ma jorit (98%) of calls to are made or 2. (a vg. time er call to (# of calls from to time sp en in so an error in the appro ximation is negligible. Both of these heuristics can inaccurate under pathological conditions (when the ariance of the execution time of across calls is large), so MTOOL issues arning whenev er it in ok es them. They ha not caused problems with the enc hmarks measured in this study The steps MTOOL uses to isolate memory ottlenec ks are summarized in Figure 1. Step is of course the most signi�can to the user. User In terface The user view of MTOOL is considerably less complex than the algorithms of the previous sections. The user yp es MTOOL program-name input-files and aits while MTOOL instrumen ts the program to collect basic blo Predicted User Time: 95.0 Measured Time (compensated for counters): user 132.4 sys 0.7 Overhead estimates: User (memory) System (I/0) 39.3 0.7 Proceed with memory bottleneck probe insertion (y/n)? Figure 2: MTOOL’s Initial Bottlenec Estimate coun ts, runs and times the instrumen ted co de, and displa ys result lik that sho wn in Figure 2. MTOOL generates the data in the �gure estimating the run-time of the program and comparing it with the measured execution time, appropriately adjusted for the e�ects of the coun ters. The information prev en ts user from pro ceeding when no signi�can memory ottlenec ks are presen t. Assuming the user asks MTOOL to pro duce an instrumen ted program, MTOOL executes steps to of Figure pro ducing �le of m-ob ject descrip- tors and actual execution time measuremen ts. This summary �le is handed o� to the fron end. The fron end’s top lev el windo is sho wn in Figure for the erfect Club enc hmark TFS.f, an air o sim ulation. Ov erhead is de�ned as actual time estimated time =estimated time: The histogram in the lo er left of the windo visually summarizes the data in the upp er righ t. The line \Me asur 91% of memory op er ations" rep orts the ercen tage of all executed memory op erations that are included in measured ob jects. All times and erheads refer to user time only; time sp en in the op erating system on ehalf of program is ignored (though it as rep orted at an earlier stage{see Figure 2). By pressing the histogram button, the user can obtain histogram where bars represen total time sp en on ehalf of pro cedure (Fig. 4). This time is split in to estimated time and measured memory erhead. The bars are sorted in decreasing order of memory ottlenec magnitude. By clic king the mouse on the memory erhead ortion of bar, the user op ens text windo (Fig. 5) displa ying the pro cedure. Measured ottlenec ks within the pro cedure are displa ed highligh t- ing the text. Bottlenec ks are highligh ted one at time, with the erall erhead con tribution and the extra cycles er memory op eration asso ciated with the ottlenec rep orted at the top of the text windo w. Pressing the INF button op ens opup windo that giv es further information ab out the distribution of memory op erations when the measured ob ject includes lo ops or pro cedure calls. Figure sho ws simple INF windo for the top ottlenec in dflux() Pressing PREV or NEXT displa ys the previous or next ottlenec k; ottlenec ks are sorted magnitude. The text windo ma scrolled pressing the ertical arro ws at the righ side of the windo w, and ultiple text windo ws ma op en sim ultaneously Three asp ects of the user in terface deserv commen from an implemen- tor’s ersp ectiv e. First, the in terface is relativ ely ortable ecause it is built using In terviews ], an ob ject orien ted to olkit that runs on top of X. Second, the notion of clic king on bar to obtain further information on the asso ci- ated ottlenec is quite general. or example, it ould easy to supp ort an option where clic king on pro cedure’s estimated time bar ould pro vide information implicit in our time estimate lik register usage, oating oin stalls, MFLOPS, most often executed lines, etc. third note ab out the in terface is that is uses standard line um er information ailable in the ob ject �le to relate basic blo lev el information bac to source co de lines. In this sense, the user in terface is language-indep enden t. Results The �nal measure of MTOOL and its user in terface is ho ell they iso- late memory ottlenec ks. able summarizes our results for subset of the erfect Club enc hmarks and the scien ti�c enc hmarks in the SPEC suite. The column en titled \% of Memory Op erations" indicates that our heuristics for selecting timable, estimable m-ob jects succeed in ho osing go oten tial ottlenec ks, as measure er 90% of memory op erations in all but cases where measure 85%. The column on unexplained erhead, whic rep orts the di�erence et een measured erhead for the whole program and the sum of measured erheads for individual ob jects con�rms this conclu- sion, as our measured m-ob jects ypically accoun for all but few ercen of erhead. The least ositiv result is the data on um er of source lines 11 Unex- of Source Lines of Ov er- plained In All Median/ Max/ In All Program mops head Ov erhd m-ob j. m-ob m-ob Co de tfs 91% 40% 4% 252 53 2020 nas 97% 25% 0% 591 84 395 3976 sds 93% 6% 2% 167 12 120 7607 lws 93% 9% 0% 100 100 100 1237 lgs 98% 12% 0% 323 35 132 2327 fpppp 85% 50% 11% 940 274 666 2718 do duc 85% 29% 5% 2541 102 477 5334 spice2g6 95% 46% 2% 756 41 434 18411 dnasa7 97% 107% 1% 257 118 1105 able 2: MTOOL E�ectiv eness con tained in the m-ob jects. On half of the programs, the median ob ject con- tains few er than 50 lines, but for some programs lik fpppp, are erhaps failing to lo calize ottlenec ks adequately This problem is discussed further in the Conclusions section elo w. Conclusions The results rep orted ab supp ort the general conclusion that our tec hnique succeeds in detecting memory ottlenec ks in scien ti�c ortran programs. One shortcoming of the curren implemen tation is that it do es not satisfactorily lo calize the ottlenec ks in few of the programs (see able 2). This problem can certainly addressed mo difying our algorithm to select smaller m- ob jects. Curren tly MTOOL searc hes for timable, estimable m-ob jects start- ing with outer lo ops. Some ene�t could deriv ed trying inner lo ops �rst. Similarly MTOOL will time whole lo op-free pro cedure, regardless of ho man lines it con tains. It ould simple matter to add heuristics to partition large pro cedures in to ultiple m-ob jects. This new heuristic ould ene�t programs lik fpppp in the SPEC set where ey ottlenec is 700 line lo op-free pro cedure. Finally could add new option where MTOOL displa ys pro cedure with its frequen tly executed memory references highligh ted whenev er the MTOOL selected m-ob ject exceeds certain line 12 coun threshold. The user could then man ually create acceptably prop or- tioned m-ob jects con taining these highligh ted memory op erations, sub ject to MTOOL’s hec ks for estimabilit and timabilit MTOOL could also enhanced broadening the class of programs for whic it can detect ottlenec ks. MTOOL is no restricted to non-recursiv programs that do not use pro cedure ariables. The restriction on recursion deriv es primarily from the fact that the simple start/stop clo timers will not ork when an m-ob ject can re-en tered (and the clo re-started) efore it is exited (and the clo is stopp ed). The restriction could remo ed prohibiting the timing of recursiv pro cedures or using more complicated timers that eep trac of the depth of the recursiv call and only start and stop the clo on the �rst en try and last exit. Because MTOOL is language indep enden (except for the restriction on recursion) mo difying the timers (and mo difying the hec for estimabilit of section to accoun for lo ops in the call graph) ould allo MTOOL to handle languages with recursion. The restriction on pro cedure ariables is also easy to remo e. MTOOL’s de�nition of estimabilit reqires ell-de�ned call graph and the use of pro ce- dure ariables means that the full structure of the call graph is not determined un til run-time. By mo difying the basic blo coun ting instrumen tation to record dynamic call graph, this restriction could circum en ted. The �nal and erhaps most exciting application for MTOOL tec hnology is orting it to shared memory ultipro cessor. Memory ottlenec ks on shared memory mac hines can sev ere and detecting them is di�cult. Analytic tec hniques cannot handle the complexit of parallel systems and sim ulating ultiple in teracting pro cessors is extremely complex and exp ensiv e. MTOOL should pro vide viable alternativ to these approac hes. Ac kno wledgemen ts: ould lik to thank Da vid all of DEC WRL who sp onsored part of this researc during summer in ternship and pro vided in aluable advice on the ins and outs of patc hing co de. App endix: Instrumen ting Co de MTOOL requires the abilit to mo dify an executable �le in non-in trusiv manner. One approac used the Pixie program from MIPS is to directly patc an executable. problem arises ecause some jumps are indirect; they 13 ha the form JR r1 where r1 is register con taining an address. Pixie’s solution is to include an indirect jump table whic maps ev ery address in the original executable to its corresp onding address in the patc hed executable. Indirect jumps are alw ys made through this table. The dra wbac of Pixie is that it can in tro duce non-negligible erhead. second approac is to patc the co de at link time, mo difying c-relativ jumps, text addresses in the data segmen t, and the relo cation dictionary to correctly re ect hanges in the executable �le. The adv an tage of this approac is that all jump destination addresses are clearly iden ti�able and no erhead is added. See for complete description of the tec hnique. MTOOL uses third approac h. MTOOL patc hes the executable directly but it do es not use an indirect jump table. Instead, MTOOL pattern matc hes to �nd instructions whic load addresses in the text segmen t. The loaded text address is mo di�ed to represen the corresp onding address in the instru- men ted co de. Th us, JR r1 will succeed ecause the instructions to load r1 with alue ha een correctly up dated. This tec hnique su�ers from the oten tial dra wbac that the pattern matc her could fail in highly optimized co de, but ha encoun tered no problems to date. References [1] W. Abu-Sufah, D. Kuc k, and D. La wrie. On the erformance enhance- men of paging systems through program analysis and transformations. IEEE ansanctions on Computing 30(5):341{56, 1981. [2] K. Galliv an, W. Jalb U. Meier, and A. Sameh. The impact of hierarc hi- cal memory systems on linear algebra algorithm design. ec hnical Rep ort CSRD 625, Univ ersit of Illinois, 1987. [3] D. Gannon, W. Jalb and K. Galliv an. Strategies for cac he and lo cal memory managemen global program transformation. Journal of Par- al lel and Distribute Computing 5(5):587{616, 1988. [4] Mark A. Lin ton, John M. Vlissides, and aul R. Calder. Comp osing user in terfaces with in terviews. IEEE Computer 22(2):8{22, 1989. [5] Mips Computer Systems Inc., Sunn yv ale, CA. anguage Pr gr ammer’s Guide 1986. 14 [6] A. orter�eld. Softwar Metho ds for Impr ovement of Cache Performanc on Sup er omputer Applic ations PhD thesis, Rice Univ ersit Ma 1989. [7] E. Roth erg and A. Gupta. E�cien sparse matrix factorization on high- erformance orkstations exploiting the memory hierarc app ear CM ansactions on Mathematic al Softwar [8] E. Roth erg and A. Gupta. ec hniques for impro ving the erformance of sparse matrix factorization on ultipro cessor orkstations. app ear Pr dings of Sup er omputing ’90 No v. 1990. [9] D. all. Link-time co de generation. ec hnical Rep ort 89/17, DEC est- ern Researc Lab, 1989. 15