A Tool Suite for Simulation Based Analysis of
Memory Access Behavior

JosefWeidendorfe?, Markus Kowarsdcik¥Y, Carsten Trinitis Y

YTechnische Univ ersitat Meinchen, Germany
f weidendo,trinitic g@cs.tum.edu

YUniv ersitat Erlangen-Nernberg, Germany
kowarschik@cs.fau.de

Abstract. In this paper, two tools are preserted: an execution driven
cache simulator which relates event metrics to a dynamically built-up

call-graph, and a graphical front end able to visualize the generated data
in various ways. To get a general purp ose,easy-to-usetool suite, the sim-
ulation approach allows usto take advantage of runtime instrumentation,

i.e. no preparation of application code is needed,and enablesfor sophis-
ticated preprocessingof the data already in the simulation phase.In an
ongoing project, researd on advanced cache analysis is based on these
tools. Taking a multigrid solver as an example, we presert the results
obtained from the cadche simulation together with real data measuredby
hardware performance counters.
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1 Intro duction

One of the limiting factors for employing the computational resourcesof mod-
ern processords excessie memory accessddemands,i.e. not taking advantage of
cadhe hierarchiesby high temporal and spatial locality of sequetial memory ac-
cessesManual optimization activities trying to overcomethis problem typically
suer from dicult-to-use and -to-setup tools for detailed bottleneck analysis.
We believe that pro ling tools basedon simulation of simple cache models can
signi cantly help in this area. Without any need for hardware accessto ob-
senation facilities, the simulator producesdata easyto understand and does
not in uence simulated results. Therefore, runtime instrumentation and sophis-
ticated preprocessingis possibledirectly in the simulation phase.Optimizations
basedon cadche simulation usually will improve locality of an application in a
generalway, therefore enabling better cadhe usagenot only on a speci ¢ hard-
ware platform, but on cade architectures in general. This givesthe user more
exibilit y in terms of target architectures. Furthermore, it is essetial to presert
the obtained measuremeh data in a way easyto understand.
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Fig. 1. A dynamic call tree, its call graph, and its context call tree

In this paper, we discussthe tool suite Calltree/K Cachegrind®. The pro ling
tool usesthe instrumentation framework Valgrind [18], running on Linux/IA-32.
The visualization front end, which is basedon QT/KDE libraries, runs on most
UNIX platforms.

The paper is organizedasfollows: in the next section,we give a short overview
on pro ling methods and problems. In section 3, simulation basedpro ling and
the implementation we useis covered in detail. Visualization conceptsand im-
plemertation are preseried in section4. In our ongoing project DIME 2, memory
intensive multigrid algorithms are optimized with regardto their memory access
behavior. Section 5 discusseghis application and preseris measuremeis from
both simulation and hardware counters. We closeby preseriing related work and
future researd directions.

2 Proling

It isimportant to concerirate on code regionswheremost time is spert in typical
executions. For this, runtime distribution is detected by pro ling . Also, it can
approve assumptions regarding runtime behavior, or show the right choice of
multiple possiblealgorithms for a problem. A dynamic call-tree (DCT), see g.
1 (a), represerns a full trace from left to right, and hasa sizelinear to the number
of calls occurring. For pro ling, the much smaller dynamic call graph (DCG), see
g. 1(b), typically is enough.However, a DCG cortains lessinformation: in g.
1 (b), onecannot seethat D! B! C actually never happened. Therefore, [1]
proposedthe cortext call tree (CCT), see g. 1 (c), where eat node represerts
the occurrenceof a function in a call chain, a context, starting at the root node®.
Our tool is able to producea \reduced" CCT,,,, : asa CCT canstill get huge,
we collapsetwo cortexts if the trailing nnax contexts of the corresponding call
chains are identical. Table 1 gives some numbers on the size of these reduced
CCTs for various UNIX applications.

During the pro ling processing,event attribution of nodesand arcsis done.
Events canbe memory accesses;ache misses,or elapsedclock ticks, for example.

! http://kcachegrind.sf.net

2 http://www10.informatik.uni-e rlan gen.de/Resear ch/Pr ojec ts/Di ME/

3 In the CCT, recursive calls or mutually recursive functions are handled specially to
avoid a size linear to the number of calls occurring at runtime.



Table 1. Number of nodesand arcs in reduced CCTs

Call chain length limit nmax

Command 0| 1] 2| 5| 10| 20
bzip2 libm.so.6 Nodeg 408 850 1004/ 1329 1332 1132
(Compressor) Arcs 538/ 688 861 1113 1113 1113
cclct_main-i.c Nodes| 1519 5157 8352 22060 41 164 44 899
(C compiler) Arcs|| 6 741/10 881 15905 34 282 52 191 54 722
konqueror Nodes|21 500/55 829 91 713|251 4491420 871|507 507
(KDE Browser) Arcs||51 05290 629|147 958/315 838470 032|544 487

Attributes of interest for nodes are the number of events occurring inside the
function (exclusive or self cost), and additionally in functions which are called
from the givenfunction (inclusive cost). For arcs, events occurring while the pro-
gram is running in code called via this arc are interesting, aswell asthe number
of times the call is executed.In g. 1, evert attribution is shovn, assumingone
event during the execution of ead function.

Pro ling should not perturb the performance characteristics of the original
program, i.e. its in uence on runtime behavior should be minimal. For this rea-
son, modern CPU architectures include performance courters for a large range
of event types, enabling statistical sampling: After a hardware counter is set to
an initial value, the counter is decremened whene\er a given event takesplace,
and when reacding zero, an interrupt is raised. The interrupt handler has ac-
cessto the program courter of the interrupted instruction, updates statistical
courters related to this address,resetsthe hardware courter and resumesthe
original program®. The result of statistical sampling is self cost of code ranges.

To overcomethe limits of pure statistical sampling, onehasto instrument the
program codeto bepro led. Seweral instrumentation methods exist: sourcemod-
i cation, compiler injected instrumentation, binary rewriting to get an instru-
mented version of an executable,and binary translation at runtime. Instrumen-
tation addscodeto increment courters at function entry/exit, reading hardware
performance counters, or even simulate hardware to get synthetic evert counts.
To minimize measuremen overhead,only small action is performed®. When syn-
thetic evernt courters are enoughfor the pro ling result quality to be achieved,
hardware simulation allows for runtime instrumentation with its easeof use.

3 Simulation Based Pro ling

Runtime instrumentation can dramatically increase execution time sud that
time measuremets becomeuseless.However, it is adequate for driving hard-

4 For the results of statistical sampling to be meaningful, the distribution of every
n-th event occurring over the code range of a program should be the same as the
distribution of every event of this type.

5 GProf [8] instrumentation still can have an overhead of 100%. Ephemeral Instru-
mentation [21], can keepinstrumentation overhead smaller.



ware simulations. In our pro ling tool, we usethe CPU enmulator Valgrind [18]
asa runtime instrumentation framework. The instrumentation drivesthe cace
simulation engine, which is largely basedon the cadche simulator found in Val-
grind itself: calls to the simulator are inserted on every instruction fetch, data
read, and data write. Separate courters for ead original instruction are incre-
mented when an event occurs in the simulation of the simple, two-level cache
hierarchy. The cache model enablesthe userto understand the numbers easily,
but it has drawbads compared to reality: it looks at memory accessesrom
user-lewel only, simulates a single cache, and assumesa processorwithout an
out-of-order engineand without speculation. Despite of this, the synthetic evert
courters often come closeto numbers of actual hardware performance courters
[17]. We note that the simulation is not able to predict consumedwall clock
time, asthis would needa detailed simulation of the microarchitecture.

Our addition to the simulation is two-folded: First, multiple courters are
maintained even for the sameinstruction, depending on the current thread 1D
or the call chain leadingto this instruction. Thus, we support pro les per threads
in multi-threaded code, and more ne-granular analysis by evert attribution to
CCTs. Second,we introduce the ability for construction of the dynamic call
graph of the executed program. For every call site in the program, the list of
target addressescalled from that site is noted, and for ead of these call arcs,
the cost spert inside the called function. Optionally, this is even done for every
context of a call site, wherethe context includesthe current thread ID and call
chain leading to this call site. To be able to provide the recen portion of a call
chain with a given length, we maintain our own call stack for every thread and
signal handler. Fortunately, thread switchescan be trapp ed with Valgrind (using
its own implementation of the POSIX Thread API). To be ableto reliably trace
a call stack, we always have to watch the stack pointer not only on detection
of a CALL or RET instruction: most implementations of exception support in
di erent languages(such asC++), and the C runtime functions setjmp/long jmp
write the stack pointer directly. Function calls to shared libraries usually are
resolved by the dynamic linker the rst time they take place. After resolution,
the linker directly jumps to the real function. As the notion of a jump between
functions is not allowed in a call graph, we pretend two independert calls from
the original call site.

4 Visualization of Proling Data

Most pro ling tools provide a post-processingcommand to output a text le
with a list of functions sorted by cost and annotated source.While this is useful,
it makesit dicult to get an overview of the performance characteristics of an
application without being overwhelmed by the data measured.A GUI should
enableconveniert browsing in the code. Requiremerts are

{ Zooming from coarseto ne granular presenation of pro ling data, starting
from event relation to all functions in a shared library, a source le or a



Fig. 2. Cost Types(Top), Call Graph (Right) and Call TreeMap (Bottom)

C++ class,and going down to relation to loop structure, sourcecode lines
and machine instructions.

{ Support for arbitrary and user speci ed, derived evert types,including sup-
port for pro le data producedby dierent proling tools. Additionally, it is
important to be able to specify and browseaccordingto derived event types,
which have to be calculated on the y from the given ones(e.g. MFLOPS).

{ Visualization of metrics that makesit easyto spot performance problems.

{ Possibility to combine and comparemultiple pro le measuremets produced
by di erent tools.

Even for the simplest program, the runtime linker, the setup of the environ-
mernt for the C runtime library, and implementation of high-level print functions
via low-level bu ering are involved. Thus, only a fraction of a call graph should
be preserted at once. Still, it is desirableto showv multiple levels of a call chain.
As a function can be part of multiple call chains, we eventually have to esti-
mate the part of cost which happensto be spent in the given chain. This is only
neededwhen corntext information, i.e. an attributed CCT, is not available. Our
call graph view starts from a selectedfunction, and adds callersand calleesuntil
costsof thesefunctions are very small comparedto the cost of the selectedfunc-
tion. Becausethe functions in the call graph view can be selectedby a mouse
click, the usercan quickly browseup or down a call chain, only concerrating on
the part which exposesmost of the event costs. Another view usesa TreeMap
visualization [20]. Functions are represerted by rectangleswhoseareais propor-
tional to the inclusive cost. This allows for functions to befully drawn inside their
caller. Therefore, only functions which are interesting for performance analysis



Table 2. Simulation and pro ling results for the 3D multigrid code

Simulation Real Measuremert
Instr. exec|L2 Misses|Runtime |Instr. retired |L2 Lines In|Runtime
Standard | 11879 M |751421K|1865s| 11879M |777131K | 40.4s
Optimized | 11 666 M ‘361 336 K ‘ 1798s| 11666 M ‘ 383 609 K ‘ 27.1s

are visible. In a TreeMap, one function can appear multiple times. Again, costs
of functions have to be split up basedon estimation. Figure 2 shows a screenshot
with both the call graph and TreeMap visualization. Additionally , on the top
left the list of available cost typesis shown, produced by the cace simulator.
As\Ir"  (instructions executed)is selectedas costtype, these costsare the base
for the graphical drawings.

To be able to shov both annotated source and machine code®, we rely on
debug information generatedby the compiler. Our tool parsesthis information
and includesit in the prole data le. Thus, the tool suite is independert from
the programming language. Additionally , our pro ling tool can collect statis-
tics regarding (conditional) jumps, enabling jumps visualized as arrows in the
annotation view.

5 Application Example and Results

In our DIME project, researth on cache optimization strategies for memory-
intensive, iterativ e numerical code is carried out. The following experimert refers
to a standard and to a cadce-optimized implementation of multigrid V(2,2) cy-
cles,involving variable 7-point stencilson a regular 3D grid with 129° nodes.The
cache-e cient versionis basedon optimizations such asarray padding and loop
blocking [11]. Table 2 shows simulated and real everts obtained on a Pertium-M
with 1.4 GHz with corresponding wall clock runtimes. In both casesthe advan-
tage of cache optimization is obvious by e ectiv ely reducing the number of cache
misses/cade line loads by 50%. Reduction of runtime givessimilar gures.

Simulation runtimes show that the slowdown of runtime instrumentation and
cadhe simulation is quite acceptable.

6 Related Work

The most popular pro ling tool on UNIX are prof / gprof [8]:a prole run needs
the executableto be instrumented by the GCC compiler, which inserts code to
get call arcs and call courts, and enablestime basedstatistical sampling. Mea-
suremerts inside of sharedlibrary code is not supported. GProf hasto approx-
imate the inclusive time by assumingthat time spent inside a function grows
linearly with the number of function calls. Tools taking advantage of hardware

% For machine code annotation, the standard GNU disassenbler utilit y 'objdump’ is
used.



performance courters for event basedsampling are available by most processor
vendors(e.g. DCPI for Alpha processorg?2] or VTune for Intel CPUs). Most of
them relate event counters to code, but Sun's developer tools also allow data
structure related measuremets sincerecertly [10]. OPro le is a free alternative
for Linux [12]. PAPI [4] is a library for reading hardware performancecourters.
TAU [16] is a general performance analysis tool framework for parallel code,
using automated sourceinstrumentation.

For instrumentation purpose,binary rewriting of executablesis possiblewith
ATOM [7]. Dyninst [15] allows for insertion of custom code snippets even into
running processesRegarding runtime instrumentation, the Shadetool [6] for
SPARC inspired dewelopmen of Valgrind. Sophisticated hardware simulators
are MICA [9] and RSIM [19]. Using simulation, MemSpy [13] analysesmemory
accesshbehavior related to data structures, and SIP [3] gives special metrics for
spatial locality. A pro le visualization with a web front end is HPCView [14].

7 Conclusions and Future Work

In this paper, we preserted a tool suite for pro ling of sequetial code based
on cade simulation and runtime instrumentation, and a graphical visualization
front-end allowing fast browsing and recognition of bottlenecks. Thesetools have
already beenusedsuccessfullye.g.in projects at our lab aswell asin other labs
in Germany, and in the open-sourcecommunity.

Improvemert of the simulation includes data structure basedrelation, even
for dynamic allocated memory and stack accessesThis is feasiblewith the run-
time instrumentation approad. In order to avoid the measureddata to become
huge, relation to data types seemsnecessary For large arrays, relation to ad-
dressdi erences of accessepromisesto be interesting. Suited visualizations are
needed. Other directions for researt are more sophisticated metrics to easily
detect problems regarding spatial or temporal locality. LRU stadk distances of
memory accesse$5] are especially useful asthey are independert on cadce sizes.
For the visualization tool, we want to support combination of simulated and real
measuremeit e.g. at pro les from event basedsampling with hardware perfor-
mance counters can be enriched with call graphs got from simulation, and thus,
inclusive cost can be estimated. In addition, we recognizethe needto further
look into di erences betweensimulation and reality.

Acknowledgemen t We would like to thank Julian Seward for his excellert
runtime instrumentation framework, and Nick Nethercotefor the cache simulator
we basedour pro ling tool on.
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