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Profiling

No optimization without profiling
Not everyone has a P4 @ 3Ghz

“We should forget about small efficiencies, say about 97% of the
time : premature optimization is the root of all evil.” Donald Knuth




Profiling : When ?

* To choose among several algorithms for a given problem
e To check the awaited behavior at runtime

 To find the parts of the code to be optimized




Profiling : How ?

* On fully implemented (and also tested) code
e On a “release” version (optimized by the compiller, ...)
* On representative data

e The optimization cycle :
Measurement Locate Bottleneck Modify Code

Finished Improvement Check for Improvement

Satisfying? (Runtime)




What do we measure ?

e Understand what’s going on :
OS: scheduling, memory management, hard drives, network
Compiler : optimization
CPU architecture, chipset, memory
Libraries used

o If an application is limited by its 1/O, useless to improve the
calculation part.

* Here we’ll limit ourselves to CPU & memory performance.




Measurement methods

 Manual

e Source Instrumentation

o Statistical measure (sampling)

e Simulation

e Hardware counters
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Tools

Manual | Instr. | Sampling | Simulation | Hardware
Counter

= system timers X
= gprof / gcc —pg X X
= valgrind(callgrind)/kcachegrind X
IBM Rational quantify X X
Oprofile X
Intel Vtune X X
PAPI (Performance API) X
JVMPI (Java Virtual Machine Profiler) X

* runhprof,

* Eclipse TPTP (Test&Performance)

OptimizelT, JProbe, IMP (Memory Profiler)
Shark (MacOS X) X X




Tools

Manual | Instr. | Sampling | Simulation | Hardware
Counter

system timers X
gprof / gcc -pg X X
valgrind(callgrind)/kcachegrind X
IBM Rational quantify X X
Oprofile X
Intel Vtune X X
PAPI (Performance API) X
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Using the tools : system timers

* You have to know the timer’s resolution

* Windows :
Quer yPer f or manceCount er () / Quer yPer f or manceFr equency()

e Linux/Unix :
getti nmeof day()
cl ock()

e Java :
SystemcurrentTineM 111 s()
System current Ti nreNanos()

* Intel CPU counter : RDTSC (ReaD Time Stamp Counter)




Tools

Manual | Instr. | Sampling | Simulation | Hardware
Counter

system timers X
gprof / gce -pg X X
valgrind(callgrind)/kcachegrind X
IBM Rational quantify X X
Oprofile X
Intel Vtune X X
PAPI (Performance API) X
JVMPI (Java Virtual Machine Profiler) X

runhprof,

Eclipse TPTP (Test&Performance)

OptimizelT, JProbe, JMP (Memory Profiler)
Shark (MacOS X) X X




Using the tools : gprof

gprof (compiler generated instrumentation) :
Instrumentation : count the function calls
temporal sampling
compile with gcc - pg
create gnon. out file at runtime

Drawbacks
line information not precise
needs a complete recompilation
results not always easy to analyze for large software




Using the tools : gprof

& dgeld@enesco: -Isrciversions/dgeld/coursfoptimisation

enesco$ make timapg

gt++ -03 -g -march=pentiumd4 (-pg |-o timapg tima.cpp image.cpp image2.cpp timer.cpp
enesco$ ./timapg

invert : 304.63 911650545 ticks
invert2 : 107.179 ms 320743665 ticks
invert3 : B0.948 ms 242239312 ticks
invertd : 63.167 ms 189028665 ticks
invertdb : 63.115 ms 188874075 ticks
invert5 : 63.17 ms 189038527 ticks
invert6 : 14.781 ms 44223030 ticks
enesco$ l
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Using the tools : gprof

£+ dgeld@enesco: - fsrciversions/dgeld/coursfoptimisation

enesco$ gprof ./timapg | head
Flat profile:

Each sample counts as 0.01 seconds.
% cumulative self self total
time seconds seconds ms/call ms/call
45.00 0.27 0.27 270.00 270.00 rrinvert ()
15.00 .36 0.09 S90.00 S0.00 rrinvert2 ()
11.67 .43 0.07 70.00 T70.00 rinvert3 ()

B.33
enescof$ gpro
Flat profile:

.54 0.05 50.00 50.00 r:invertd ()
-1 ./timapg

0
0
10.00 0.49 0.06 60.00 60.00 ::invertdb ()
0
£

Each sample counts as 0.01 seconds.
cumulative self self total
time seconds seconds calls Ts/call Ts/call
43.33 .26 .26 iiinvert () (image.cpp:77 (@ B804Be3d)
o b .32 .06 ::invert2 () (image.cpp:88 (@ B04Belc)
.33 .36 .05 t:invertb5() (image.cpp:132 (@ B04Bf35)
.67 .41 .04 t:invertd () (image.cpp:108 (@ 804Beel)
.83 .44 .04 ::invert3() (image.cpp:98 (@ B04Beb2)
enescof .
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Tools

Manual | Instr. | Sampling | Simulation | Hardware
Counter

system timers X
gprof / gcc -pg X X
valgrind(callgrind)/kcachegrind X
IBM Rational quantify X X
Oprofile X
Intel Vtune X X
PAPI (Performance API) X
JVMPI (Java Virtual Machine Profiler) X

runhprof,

Eclipse TPTP (Test&Performance)

OptimizelT, JProbe, IMP (Memory Profiler)
Shark (MacOS X) X X




Using the tools : callgrind

callgrind/kcachegrind : http://kcachegrind.sf.net/cqgi-bin/show.cqi
cache simulator on top of valgrind
CPU simulation : estimate CPU cycles for each line of code
analyze the data more easily with kcachegrind

Drawbacks
time estimates can be inaccurate
measure only the user part of the code
analyzed software is 20-100 times slower, uses huge amount of memory.




Using the tools : callgrind

callgrind/kcachegrind usage :
on already compiled software :
val grind --tool =callgrind prog
generates cal | gri nd. out . xxx
analyzed with cal | gri nd_annot at e or kcachegri nd

to be usable in spite of its slowness
do not simulate cache usage : - - si nul at e- cache=no

start instrumentation only when needed :
--instr-atstart=no / callgrind control -1 on




Using the tools : callgrind

 yav.callgrind.out [../Mips/linux-build/bin/CAVEViewer demo3.tcl simul.config demo3.tcl] - KCachegrind

File View Go Settings Help e

= O % Q@'@ ﬁ.{'ﬁ L@ 5earch:‘ uCycle Estimation mo Grouping) ¥
| . = yav::TetraSurfaceZone3D::buildSolid

Incl. ‘Seh‘ ‘Called |Function ‘Location *

==09091 0.00 (0)BCAVEDisplayLoop _ libtcl CAVE [Types ‘ Callers ‘ All Callers ‘ Callee Map ‘ Source 1
mm 88.67 0.00 3 myav: TclCameraCA... libtclCAVE —_—

mm 88.67 0.00 3 syav::CameraCAVE.... libtcl CAVH_

mm 88.67 0.00 5 myav::GraphicsData... IibthCA‘:.a'Eg

mm 38843 0.00 3 syav::SimuTetra3D:.... libtcISimul

mm 8843 0.00 3 myav::ActiveTetra3 D.... libtcITetrak

mm3843 0.00 3 syav::Tetra3 D:redraw libtcITetrak

mm 8740 0.00 5 ®yav::Surface:redraw libtclGrapt

mm 8740 0.00 5 myav::gouraudSurfac... libtclGrapk

mm 8740 0.00 5 myav::Surface:redra... libtclGrapt

mm 87.36 0.00 8myav::Surface:callS... libtclGrapk ' i ail il =l =il ==l dw il =i
mm8736 3.96 8®yav:TetraSurfaceZ... libticlTetrat [;[;H‘DFE

mm 837,07 0.00 7 #non-virtual thunk to ... libtclTetral ||| Il

m 62.18 0.00 1syav::CameraCAVE.... libtcl CAVE

m 62.17 0.00 1 =yav::Activable::activ... libBasics.s

m 62.17 0.00 1=yav: TclSceneActiv... libtclGrapk

m 51.05 0.00 1=yav:: TclScene<yav.... libtclGrapt

m 37.65 0.00 2myav::CameraCAVE.... libtcl CAVE

m 37.63 0.00 2 syav::CameraCAVE.... libticl CAVE

B 2452 1.15 94 441 syav:TetraSurfaceZ... libtclTetral

B 2423 0.63 91 113 myav::TetraSurfaceZ... libticITetral

1 2112 0.52 94 441sstd::map<yav:Tetr... libtclTetral

1 2059 738 94441mstd::_Rb_tree<yav:.... libtclTetral

1 1974 2.09 604 358#myav::Vec3<double>... libtclCAVE

1 18.80 2.05 246 550=yav::Vec3<double>... libtc|CAVE

1 17.65 2.09 604 358zuyav::Vect<3, doubl... libtclCAVE ----

1 17.60112.57 681 342 svoid yav::Vect<3,d... libtcl CAVE+||| ¢! . | il | o]
I i——— - — "'[‘,‘,;jl | Callees | Call Graph | All Callees | Caller Map | Assembler J
yav.callgrind.out [1] - Total Cycle Estimation Cost: 288 877 438
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Using the tools : massif

massif (heap profiler) : http://valgrind.org/info/tools.html#massif

another valgrind tool to be used on compiled software :
val grind --tool =nassif prog

generates massi f . XXX. ps : memory usage vs. time

massi f . xxx. t xt : which part of code uses what




Using the tools : massif

% gv: . IMips/linux-build/bin/CAVEViewer demo3.tcl simul.config demo3.tcl i E]
| File || State |J Page| Seascape | 1000 A4l|  MMipsinus-Buildbin/C AVEViewer demad tel simul config dema tc Il |
| Variskle Size
e || || --Mips/linux-build/bin/CAVE Viewer demo3.tcl simul.config demo3.tcl
_mnia || || 580,029,075,328 bytes x ms
| Pririt Markeo |
Save Al
| 558 Markeut | . x3C5AF4FC yav::SimuTetrad
| B :32cc3eD7: nvsymis242
| - | ] x3ACC3EB2: nvsym18241
) Halcrad. . *3AEB9707 yav:: Texiure2D:
J|J ‘J . *3C5AF5FC:yav::SimuTetra3
3 B :3AnABa1F TelpAlioc
D x3C5AF584 yav::SimuTetra3
|| x3BooF21B:std::_default
. x3C5AF678:yav::SimuTetra3
. heap-admin
| [ xaacc220a:_nvsymi8144
. other
. *3AAAB486:TclpRealloc
'. B :3800EDBY:std:: default
;
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Tools

Manual | Instr. | Sampling | Simulation | Hardware
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PAPI (Performance API) X
JVMPI (JVM Profiler) X

runhprof,

Eclipse TPTP (Test&Performance)
Shark (MacOS X) X X




Using the tools : runhprof

java/runhprof
SUN'’s JVM extension
j ava - Xrunhprof : cpu=sanpl es, dept h=6, t hr ead=y pr og
generates j ava. hprof .t xt file
analyzed with perfanal :
java -jar PerfAnal.jar java. hprof.txt

memory :
j ava - Xrunhprof: heap=all prog

Drawbacks
coarse sampling
does not use all the possibilities of JVMPI




Using the tools : runhprof

Performance Analysis: java.hprof.txt

File

DE®

“Method Times I:r,.{ Caller itimes inclusive): 726 ticks:
IjTegthrnf.main: 99 45% (722 inclusive [ O exclusive)
) IjTESIHper.makEString: 24 44% (250 inclusive J O exclus
o mTesthrnf.addTDCat: 34 .44% (250 inclusive [ & exclus
9 Ijja*ufa.Iang.StringE:uffer.append: 33.2% (241 inclusi
2 Ijjawa.lang.itringﬂuffer.E}{pandCa_p_E_l!:_i_t_xf 21.12%
D Q_Mng_.gwtem.arraggpw 31.13% (226 00
@ [ java.lang.String.getChars: 2.07% (15 inclusive |
E‘| java. lang. StringBuffer.toatring: 0.2 8% (2 inclusive |/
"3'Ijjava.lang.StringEiuffer.{init}: 0. 14% (1 inclusive J C
&[] TestHprof.makestringWithLocal: 23.75% (245 inclusive § 2

@'IjTESIHrnf.mal-:eStrinInIine: 21.27% (227 inclusive f 213
4

|4

“Method Times by Line Number gimes inclusive) 726 ticks

IjTesthrnf.main: 99 458 (722 inclusihe) |
IjTESIHprnf.makEString: 24 44% (250 inclusive)

B8 TestHprof.addToCat; 24 44% (250 inclusive)
Ijja*ufa.Iang.StringBuffer.append: 34.2% (249 inclusive)
IjTESthrnf.mal-;eStringWitthn:al: 22755 (245 inclusive)

[ java.lang Systerm. arrayoopy. 232.2% (241 inclusive)

[ jawa. lang StringBuffer. expandCapacity, 22.09% (2232 inclusive
[ TestHprof.makeStringlnline: 21.27% (227 inclusive)

BT Jjawa.lang StringBuffer tostring: 2.2% (16 inclusive)
:Ijja*uﬂa.Iang.String.gEtChars: 2.07% (15 inclusive)
iljjava.util.jar.rnflanifezt.-:init:-»: 0 28% 2 inclusive)

1

F

Gl e D e R D e e e R D e e R T

A e s R s R e e

‘Method Times by Callee ¢imes inclusive): 726 ticks
E| TestHprof. main: 29.45% (722 inclusive)
@TeﬂHprnf.makeString: 24 44% 250 inclusie)

] TestHprof.addToCat; 24.44% (250 inclusive)
Ijjava.Iang.StringEluffer.append: 24 2% (249 inclusie)
IjTegthrnf.makeStringWitthn:al: 22 7553 (245 inclusie)
[ jawa. lang. Systern. arraytopy. 22.2% (241 inclusive)
mja*u':a.Iang.StringEuffer.E}{pandCapaciw 22.095% (233 inclusive
IjTesthmf.makeStringInline: AL.2T% (227 inclusive)
Ijjava.Iang.StringBuffer.tnString: 2 2% (16 inclusive)
Ijjawa.lang.itring.gEtCharS: 0% (15 inclusive)
ﬂja&r‘a.util.jar.r-ﬂanifeﬂ.{init}: 0.2 8% (2 inclusive)

Method Times by Line Number qimes exclusive) 726 ticks
ilj jawva lang. System. arraycopy: 33.2% (241 exclusive)

[ TestHprof. makeStringWithLocal 22.64% (237 exclusive)

[ TestHprof. makeStringlnling: 29.24% (2 13 exclusive)

1 java.lang. StringBuffer.tostring: 2.2% (16 exclusive)

1 jawva. lang. stringBuffer. expandCapacity: O.96% (7 exclusive)
| TestHprof. addTaoCat: Q. B3% (& exclusive)
Ijjaw.lang.ﬂring.intern: 0. 14% (1 exclusive)
Ijjam.lang.StringEuffer.-:init}: 2. 14% (1 exclusive)
Ijja*ufa.util.zip.EipFiIe.getEmm 0. 14% (1 exclusive)

| sun net waanty protocol file Handler openConnection: O 14% (1
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Using the tools :
Eclipse Test & Performance Tools Platform

TPTP : tools integrated into Eclipse
Supports only Java (for the moment)

Profiling of local or distributed software




Using the tools :
Eclipse Test & Performance Tools Platform

Q--Q- ik i & Profile
Profile As | Create, manage, and run configurations @

- Profile. ..

Drganize Favorites. .,

= : —4]
} = .={} -
‘! i Mame: | Eclipse Application |

| | bype filker text |

[ Qestinatin:ln_i_H= Arguments | %3‘5 Plu_q-insf_! | Cn:lnfiguraljn:un_l_ >y

(B main o Ro
@ =

i Apache Tomei 8 Select the daka colleckors and analysis types for the launch,

H._-]---% Alnchsat Press F2 to see a guick description of the selected data collector ar analysis bype
= & Eclipse Applicat

==| N A R
4% Eclipse App i D"E Agent Discoverer Edit Cpkions

[ Equinos 05 F = QE, Jawa Profiling {double click bo modify filkers)
E Ewkarnal Java ¢ L %"' Basic Memory Analysis Test Avallability
: E (e e = H fﬁd‘ Execution Time Analysis
: Java Applet ; Eﬁ‘}g Method Code Coverage
3] Java Applicatio - [1&® praobe Insertion
oo JUni
J5 Uit Plug-in Te
= | Statistical _

__i@ New_cnnFi:,_E.. [ Anpl H Revert ]

L Profile ][ Close ]

3
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Using the tools :
Eclipse Test & Performance Tools Platform

-

& Frofiling Monitar Log Mavigator =0
ag = {}5{} = Liste des types
de visualisation
= &- org.eclipse.core,launcher.Main at SERWELREL [ PIC:
EIE= zterminated = Profiling (040606 21: | /

Basic Memary fnalysis

LS Co Coverage Statistics ¢
u[l;b Execution Flow

@ Execution Statistics
ﬁj Memory Skatistics

;52 Object References

1 UMLZ Class Interactions

& Execution Time analysi

------ w Method Code Coverag Terminate

Reset Data

o
I UML2 Object Interactions m  H-||BO0 ® 5 % AYTO
1 UMLZ Thread Interactions ; - org.eclipse,core launcher,Main at SERVEUREL [ PID: 424 ] (Filker: Mo Filker )
=Package fverage Base ... | Cumulative Time. .. Zalls
= 8 com.sysdeo.tprop.editors L 0, 005750 0,104097 18
m H com,sysden, tprop,extensions & 0,000175 0,000535 3
= # com.sysdeo.tpropamodele & 0,003333 0, 354440 256
@ & Appellation 4 0, 000008 0,000612 76
= & Bouteile & 0,000005 0,0006835 136
m @ Cave 4 0,000175 0,001395 &
= & CaveModelePlugin & 0,053214 0,852767 16
5 CaveModelePluging & 0,000025 0,000025 1
8 chargerCaverl) vaoid R 0,341524 0,343467 1
@ enregistrerCave]) yvoid 0, 000000 0, 000000 0
e e ngsze4n] 0 5| |
@ getChargeurEnregistreur < 0, 000000 0, 000ac ]
= getDefault() com,sysdeo < 0,000001 0, 000005 4
(E AskhlarmFichisr awei™ iaw. 45 n Nn4453 M NN&ana =
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Optimization

* NO premature optimization
« Keep the code maintainable

e Do not over-optimize




Optimization (continued)

* Find a better algorithm
the constant factor of the complexity can be significant

 Memory access : first cause of slowness
» Use already optimized libraries
 Limit the number of calls to expensive functions

» Write performance benchmarks/tests
allows one to check that the performance has not degraded

* The bottleneck moves at each optimization step
example : 1/0 can become blocking




Optimization example

« Optimization example : image inversion (5000x5000)
for (int x =0; x < w X++)
for (int 'y =0; y < h; y++)
data[y][x] = 255 - data[y][X];

Without compiler optimization : 435 ms
Compiler optimization (-O3) : 316 ms
Improve memory access locality : 107 ms
Suppress double dereference on dat a : 94 ms
Constant code outside of the loop 63 ms (~7x)
OpenMP parallelization : 38 ms

Using MMX assembly : 26 ms




Conclusion

* NO premature optimization

« Know your profiling tool

« Keep the code maintainable

e Do not over-optimize




Questions ?




