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Abstract

In this paper, we present METRIC, an environment
for determining memory inefficiencies by examining data
traces. METRIC is designed to alter the performance be-
havior of applications that are mostly constrained by their
latency to resolve memory references. We make four pri-
mary contributions in this paper. First, we present meth-
odsto extract partial data traces from running applications
by observing their memory behavior via dynamic binary
rewriting. Second, we present a methodology to represent
partial data tracesin constant space for regular references
through a novel technique for online compression of refer-
ence streams. Third, we employ offline cache simulation to
derive indications about memory performance bottlenecks
frompartial datatraces. By exploiting summarized memory
metrics, by-reference metrics aswell as cache evictor infor-
mation, we can pin-point the sources of performance prob-
lems. Fourth, we demonstrate the ability to derive opportu-
nities for optimizations and assess their benefits in several
experiments resulting in up to 40% lower miss ratios.

1. Introduction

hierarchy can potentially impact application performance to
a significant degree.

Incremental memory hierarchy simulation by capturing
the address trace of an application is a highly accurate
method of isolating problems in the memory hierarchy.
However, a significant problem with this method is the pro-
hibitive overhead of computation and stable storage size re-
guirements associated with capturing tloenplete address
trace of the target, which could potentially consist of mil-
lions of accessesPartial data traces represent a subset of
the access footprint of the target and may be comparatively
small and less expensive to collect, allowing selective cap-
ture of the most critical data access points in the target.

The objective of this work is to illustrate the use of partial
data traces for incremental memory hierarchy simulation, a
central component of METRIC (MEmory TRaclng without
re-Compiling), a tool we developed to detect memory hi-
erarchy bottlenecks drawing upon our previous experience
with partial data traces [24] and binary rewriting [21]. It
is also influenced by our work with large-scale benchmarks
[30], another example of data-centric computation where
the data sizes exceed cache capacities.

METRIC exploitsdynamic binary rewriting by building
on the instrumentation framework Dyninst [2]. Dynamic

Today, computing speed is often bound by the data path, binary rewriting refers to the post-link time manipulation of
i.e, the ability of the memory hierarchy to deliver data in binary executables, potentially allowing program transfor-
time to the processor. Contemporary architectures experi-mation even while the target is executing. This approach is
ence as much as 50% stall cycles for repetitive data-centricsuperior to conventional instrumentation, which generally
tasks, in the case of server workloads even up to 70% stallsrequires compiler interactiondg., for profiling) or the in-

[25]. Furthermore, processor speeds increase at a rate otlusion of special libraries(g., for heap monitoring), since
approximately 60% per year while memory latencies are re- it obviates the requirements of recompiling or relinking. We
duced by only 7% per year resulting in an increasing gap be- also contribute a cache analysis approach, based on prior
tween processor speeds and memory latencies. Thus, locatwork [22], that lets us process these partial data traces and
ing and eliminating sources of inefficiencies in the memory results not only in summary information, such as miss ra-

*This work was supported in part through the U.S. Department of En-
ergy by the University of California, Lawrence Livermore National Lab-
oratory under subcontracts # B518219 (Mueller) and LLNL LDRD 01-

ERD-043 (McKee) as well as NSF CCR award 0073532 (McKee).

tios, but also reports detailed evictor information for source-
related data structures.

The advantage of dynamic binary rewriting is its abil-
ity to capture memory references of the entire application,
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Figure 1. The METRIC Framework

including library routines and mixed-language application, data reference streams are being generated or being sup-
such as commonly found in scientific production codes [30]. pressed, respectively. This facility builds the foundation for
Another motivation is its ability to cater for input dependen- capturing partial memory traces. In the following, the soft-
cies and application modese., changes over time in ap- ware infrastructure for partial trace generation is detailed.
plication behavior. This work is also influenced by findings The METRIC framework is shown in Figure 1. The user
that binary manipulation techniques offer new opportunities provides the application process id (PID) and the names of
for program transformations, which have been shown to po- the target function(s) to the control program. The controller
tentially yield performance gains beyond the scope of static attaches to the target and retrieves its Control Flow Graph
code optimization without profile-guided feedback [1]. (CFG). It parses the text section of the target for mem-
The paper is structured as follows. First, the METRIC ory access instructions.e., loads and stores. It uses the
framework is introduced. Next, the generation, representa- CFG to determine the scope structure of the taiiget,the
tion and compression of partial data traces is discussed infunction/loop entry and exit points and the nesting struc-
detail. Then, incremental cache simulation for these par- ture of loops. It then inserts instrumentation at memory
tial data traces is presented and metrics to assess memorsiccess points and scope change instructions. The instru-
throughput are discussed. Finally, we reflect on related mentation consists of calls to handler functions in a shared
work, discuss future research directions and summarize. library. The shared library is loaded into the target's address
space through a special one-shot instrumentation.
2. The METRIC Framework Once the instrumentation is complete, the target is al-
One of the central objectives of our work is to capture the lowed to continue. The handler functions in the shared li-
memory behavior through partial data traces represented adrary get invoked depending on the type of events occurring
a subset of the data footprint of an application’s execution. in the instrumented programe., load, store, entescope
Partial data traces may be comparatively small and can beand exitscope. The handler functions, in turn, call the com-
collected without prohibitively large overheads during exe- pression routine which attempts to detect regular patterns in
cution, while complete data traces are expensive to generatéhe incoming stream.

and generally result in very large amounts of data. Once a specified number of events have been logged or
This work focuses on the collection of partial address a time threshold has been reached, the instrumentation is
traces without compiler or linker support., arbitrary ex- removed, and the target is allowed to continue. The com-

ecutables can be subject to the generation of traces. Wepressed partial event trace is then used offline for incremen-
dynamically modify an executing application by injecting tal cache simulation. The cache simulator driver reverse
instrumentation code via binary rewriting. The instrumen- maps addresses to variables in the source, using information
tation is placed at the point of memory accesses to preciselyextracted by the controller, and tags accesses to line num-
capture the data references issued by an application. In adbers in the source. The cache simulator generates not only
dition, the user may activate or deactivate tracing so that summary level information, but also reports detailed evic-



tor information for source-related data structures, whichis B[ 1, 1], B[ 1, 2] and B[ 1, 3], respectively), for the
presented to the user, for analysis. first iteration of the outer loop and a length of n-1 accesses.
In our approach, we exploit source-related debugging The starting sequence id for the first access ofBleray
information embedded in binaries for our analysis. The is 3 (since the first three events (sielg start from 0) are
application must provide the symbolic information in the the twoent er _scopes for scopes 1 and 2 as well as the
binary e.g., generally by using theg flag when compil- read event foA[ i ] ). For one iteration of the outer loop,
ing). Most modern compilers allow inclusion of symbolic accesses to thg array occur with an interleave distance of
information even if compiling with full optimizations. In 3 in the overall event stream. Hence, the RSD for aBay
particular, IBM’s AIX compilers and Intel/K&R’s compiler  accesses for 1 iteration of the outer loop is:
for the PowerPC do not suffer in their optimization levels RSD5 <B+n+1,n-1, 1, READ, 3, 3, 3>
when debugging information is retained. While some de-  Simple RSDs by themselves are not sufficiently expres-
bugging information may suffer in accuracy due to certain sive to capture the entire stream of accesses of either array
optimizations, memory references, which are subject of our A or B. To address this limitation, we extend this descrip-
study, are not affected. Thus, compiling with symbolic in- tion by power regular section descriptors (PRSDs), which
formation only increases executable size without significant allow the representation of power sets of RSDs as specified

degradation of performance. in Figure 2. A PRSD extends the tuple of an RSD, in that it
) . may contain a PRSD (or RSD) itself, which represents the
3. Trace Generation and Compression subset. The recursive structure of PRSDs provides a hierar-

chical means to represent recurring patterns with different

T_h_e generation of part|a_l address traces prowde_s_the Ca5tart addresses but the same strides and lengths. This is use-
pability to later analyze this trace. We use a modified al-

. . . ~ful for patterns that are usually encountered in nested loops.
gorithm based upon our previous work [24] to obtain effi- P y P

. ) . . The example in Figure 2 illustrates how all read accesses
cient runtime compression of this event trace. Our mech-

nism is tailored for reqular dat e h to array A can be combined as follows:
anism is tailored for regular data access patterns, such as” “pogy) . _gtart base.address = A,

those frequently occurring in _t|ght Ioops. These patterns base_addr ess_shift = 1,
are represented vigegular section descriptors (RSDs) as .
. start base_sequence.i d 2,
a tuple <start_address, length, address stride, event type, base_sequence.i d_shift = 3n-1
start_sequence.id, sequence_id_stride,source_table_index>, PRSD_I engt h — n-_l RSDL> '

an_?;](tensmn of Havla(;’js and Kennedly’s Rsas [13]. q This PRSD represents a total of n-1 repetitions of RSD1
€ start._address, engt an with increments of 1 in addresses and interleaving dis-

addres.s_st.n de descqbe the starting addre_ss, NUM- tance of 3n-1 between the start of consecutive patterns
ber of iterations and strides between successive addres§h the overall event stream. Events. which cannot be

values generated by this pattern. The start position of classified as a part of a pattern, are represented by the

the pattern in the overall event stream is indicated by irregular access descriptors (IADS) as: <address, type
the st art _sequence.i d, and its interleaving is de- sequence.id, source table index> The sequenc’:ej d
scribed by thesequepce_l d'St_r' de. The .stnde of anchors the event in the overall event stream, and the
RSDs may be an arbitrary function. We restrict ourselves source t abl e_i ndex gives the (sourcéilename —
:O ﬁo_nstantf in this _papsrsglncel v;(_aﬁrequ;re f?sttonllne line_number) mapping of the instruction causing this event.
echniques o recog(;nzel_ s.f n ditreren ﬁ_or;]ex S'(;meThetype indicates event type (i.e enter/ exit scope or load/
may W""F‘t to consider finear unctions or higher order store). Line numbers are obtained from the binary’s debug
polynomials. Special access patterns are given by recum.nginformation, as explained earlier. Once a specified num-
referbences o a s%alar s;éhe s;;me array elem%nt, ;Nh'Choer of events have been logged or a time threshold has been
?';n N reptretsente dgst_ .Shw't batconstant S(;” eO_tzeroreached,theinstrumentation is removed, and the target s al-
teeven - y(;)e .S'S Inguis e? ere?r? reaas, V\r’]” S, |owed to continue. The compressed description of the event
en etscorp])e an sgl copf(_a ﬁjven S. ror E Scope c_dangz trace (PRSDs & RSDs) is written to stable storage. Before
events, the starddress field represents the scope id, and o giscusses the use of the compressed trace for cache sim-

the'addre_ss stride is zero. The_ur ce1abl e ndex is ulation and user feedback, access ordering is detailed.
an index into a table of (sourdéename— line_number)

tuples. It enables the cache simulator to correlate eventsy Ordering of Accesses
with lines in the source code for user feedback.

Consider the example with a row-major layout shown in The previous section provided compact representations
Figure 2. For the sake of simplicity, we assume an offset for regular access patterns within a sequence of data ref-
of one per array element. The read references to @ray erences. Data reference streams in numerical codes of-
occur at offsets n+1, n+2, n+3 (corresponding to referencesten exhibit accesses to multiple sequences in an interleaved



/I Declare AIn], B[n][n], init. Aw O

for (i =0; i <n-1; i++) RSD:  <start_addr, length, addr _stride,event type,
{ /1 begin scope_1 start_seq-id,seq_id_stride,source_table_index>
for(j =0, j <n-1; j++) PRSD: <base addr, base_addr _shift, sequence_id_base,
{ // begin scope_ 2 sequence_id_shift, PRSD length,RSD>
Ali] = Ali] + B[i+1][]+1]; offsetsin A:  Stream Representation:
} /1 end scope_ 2 reads: 000.. RSDXkA, n-1,0,READ,2,3,
} // end scope_1 111... RSD2<A+1,n-1,0,READ,3n+1,3%
PRSD1: <A, 1,2,3n-1,n-1,RSD%
Event Stream: writes: 000... RSD3: <A, n-1, 0,WRITE,4,3,2
EnterScopel 111... RSD4: <A+1,n-1,0,WRITE,3n+3,3,2
EnterScope2 PRSD2: <A, 1, 4, 3n-1,n-1,RSD3
A[O] B[1][1] A[O] offsets in B (reads only):
n+1,n+2... RSD5: <B+n+1, n-1, 1,READ,3,3,3
ExitScope2 2n+12n+2.. RSD6: <B+n+1,n-1, 1,READ,3n+2,3;3
EnterScope2 PRSD3: <B+n+1, n-1, 3, 3n-1, n-1,RSD5
A[1] B[2][1] A[1] For scope 2 : EnteBcope ::
1,3n,6n-1... RSD7: <2,n-1,0,ENTER,1,3n-1;9
ExitScope2 For scope 2 : ExiScope ::
ExitScopel 3n-1,6n-2... RSD8: <2,n-1,0,EXIT,3n-1,3n-1,8

Figure 2. Example: Representing Regular Access Patterns

manner. Consider the example in Figure 2 again: Ac- potential RSDs. As new addresses are referenced, the win-
cesses to elements of arrafssand B alternate (at differ- dow of active addresses advances within a pool. In order
ent frequencies). We provide a compact, flexible repre- to determine RSDs with constant strides, it is imperative
sentation that preserves the order of accesses through & compute differences between elements of the pool. To
PRSD, even across data structures. Tleguence. d reduce the computational complexity, we storgstaof dif-
of RSDs specifies the order of the first occurrence for ferences along with each reference in the pool. The quest
a reference. Thesequenced d_base together with for locating RSDs reduces to one of finding a sequence of
thesequence. d_shi ft determine the interleaving fre- pool elements in which differences between addresses of
guencies of different PRSDs. The former determine the stream elements are identical. The pool consisting of both
base offset in the data reference stream while the latter specthe memory references and the calculated differences can
ifies the next occurrence. To simplify the construction of a be stored in a statically allocated, two-dimensional array,
data stream from PRSDs, PRSDs are internally organizedwhich is used in a circular manner by keeping track of two
as a forest at the highest level, where each tree comprises @ndices, thestart and theend of the active addresses. The in-
hierarchy of PRSDs with leaves representing RSDs. dices advance via modulo arithmetic through the pool. The
The example in Figure 2 depicts the ordering of accessespseudo code of the algorithm, omitting the details of aging
by sequence. ds of 2, 4, 3, 0 andn — 1 for RSDs 1, and distinguishing access types, is presented in Figure 3.
3,5, 7 and 8, respectively. This corresponds to the original  The worst case complexity of the algorithm(g§ N x
access order of entering the scope, repeatedly reading A andv?), whereN is the number of references aads the win-
B as well as writing A before exiting the scope. dow size, which is a small constant. The innermost condi-
The abstraction of a data stream provides a compact rep-ional results in constant time overhead due to hashing tech-
resentation of regular references within applications. Irreg- niques. In practice, we observed linear dependeneefon
ular accesses are represented separately in terms of an IADpenchmarks with regular accesses due to stream extensions.

as explained before. If a reference extends a (known) stream, then there is no
need to compute differences foriitg., by bookkeeping for
5. Online Detection of Access Patterns the reservation pool, a@ () factor that is dominated by

the O (NN xw) stream table cost. Aging of streams can easily
This section describes our efficient online algorithm to be achieved by including a tag with each tuple in the stream
detect RSDs [24]. This algorithm extracts the accesses cor-table signifying the stream’s age.
responding to a data structure such as an array, despite the We illustrate the application of the algorithm on the ex-
interleaving of alternate accesses to other data. In order toample in Figure 2. We assumeandB start at locatiori 00
detect RSDs, a pool of references is maintained. The refer-and200, respectively, and are stored in row-major layout.
ences lie within thevindow of addresses being scanned for Let array elements occupy single memory locations. The



WHILE new reference exists DO
Increment column; /* move window */
pool0][columr := new reference; /* add ref. to pool */
IF reference IN some RSD THEN
Update length of RSD in stream table;
Mark column in pool (shaded in example);
ELSE /* compute and store differences in pool */
FORi:=1TOw-1DO
poolji][columr := pool0][columri-pool0][column-i;
END FOR;
found := FALSE; /* find RSDs w/ min. length 3 */
IF there existsiin 1..w-1 AND kin 1..w-1
such that podi][columr] == poolk][column-] THEN
Enter RSD in stream table;
Mark columns 0,i,k in pool (shaded in example);
END IF;
END IF;
END WHILE;

Figure 3. Online Algorithm to Detect RSDs

MHSI m[22] as the cache simulator. MHSIim was designed
“to identify source program references causing poor cache
utilization, quantify cache conflicts, temporal and spatial
reuse, and correlate simulation results to references and
loops in the source code”.

The original MHSIim package used a source-to-source
Fortran translator to instrument data accesses with calls
to the MHSIim cache simulation routines. However, this
strategy has several disadvantages. Data accesses specified
in the source code are simulated in their canonical execu-
tion order ignoring any compiler transformations that may
change the order of accesses. Additionally, the compiler
may eliminate several accesses during optimizatiers, (
common sub-expressions). We avoid these problems by
instrumenting the application binary instead of the appli-
cation source. The event trace describes the order of ac-
cesses as they occurred during execution. The cache sim-
ulator driver uses the application symbol table to reverse

accesses translate into the following address sequence disnap the trace addresses to variable identifiers in the source.

tinguished by read(R) and write(W) accesses:
R100 R211 W100 ; R100 R212 W100 ; R100 R213 W100; ...
R101 R221 W101 ; R101 R222 W101 ; R101 R223 W101 ;...

It relies on the symbolic information embedded in the bi-
nary, as explained before. Every compressed trace rep-
resentationi(e., PRSDs, RSDs and IADs) has an associ-

Figure 4 shows the snapshot of the pool as the first eightated “sourcetableindex”, which indexes into a table of
references are encountered. The header row shows the reftsourcefilename— line_number) mappings correlating the

erenced locations. Each column containsdifference be-

access instruction in the binary to the source level access

tween the value in the current column header and the valuethat it represents. MHSim is capable of simulating multiple
in a preceding column (see “compute and store differences”levels of memory hierarchy. However, we concentrate our

in Figure 3). The particular element used for calculating
thedifference depends on the row in which the difference is

analysis only on the first level of cacheg(, L1 cache).
For each access point, MHSIim provides:

computed and requires matching access types [24]. To cap-

ture RSDs within a window size, we need only compute

the differences above the diagonal of the pool table. On see-

ing the thirdR100 (assuming a minimum length of three),
we will identify an RSD by observing the two correspond-
ing differences of0 (circled) in a transitive relationship,
resulting in RSD<100, 3, 0, ...> (shaded). Later
R100s will extend this RSD in length. Similarly, a differ-
ence ofl (circled) for references R211, R212 and R213
results in RSD<211, 3, 1, ...>. We only refer to

the first three components of RSDs that contribute to the al-
gorithm. Details of composing RSDs into PRSDs are also

omitted since they are straight forward.

dist. |R100] R211 W100

111

R100, R212 W100| R100 R21B

112 -
-111 - -112

@ @ ] @
Figure 4. Snapshot of the Reservation Pool

6. Cache Simulation and User Feedback

The compressed event trace is used for off-line incre-
mental cache simulation. We use a modified version of

o total hits associated with the reference.
e total misses associated with the reference.

e missratio for the reference: basic factor in evaluating
locality of reference.

e temporal reuse fraction for the referenceij.e, the
number of%: Useful for determining how
much locality (temporal and spatial) the reference is
providing. This can be checked against the source code
to see how much potential for locality the reference ac-

tually has.
e spatial use, which is computed asiscdbules

block size
number of evictions, gives an indication of the frac-
tion of the cache block being referenced before an
eviction occurs. A low spatial use count would indi-
cate that the machine is wasting cycles and/or space

bringing in data that is never referenced.

e evictor references. the identities of the competing ref-
erences, which evicted this reference from the cache,
and their relative counts. Useful for determining which
data objects conflict with each other. The conflict can
be resolved by program transformations or by data re-
organizationé.g., array padding).



Miss Temporal Spatial

File Line Reference Sourdeef Hits Misses Ratio Ratio Use
mm.c 63 xz.Read 1l xz[Kk][j] 0 2.50e+05 1.00 no hits 0.171
mm.c 63 xyRead O  xy[i][k] 2.39e+05 1.10e+04 0.0441 0.854 0.129
mm.c 63 xxRead2  xx[i][j] 2.50e+05 1.57e+02 0.000628 1.00 0.5
mm.c 63 xxWrite3  xx[i][j] 2.50e+05 0.0 0.0 1.00 no evicts
Figure 5. Per-Reference Cache Statistics for Unoptimized Matrix Multiply
Reference Evictors
File Line Name Sourc®ef | File  Line Name Sourc®Ref Count  Percent

mm.c 63 xy_Read 0 xyJi][k] mm.c 63 xzReadl1l xz[K][j] 10863  100.00
mm.c 63 xz.Read 1l xz[K][j] mm.c 63 xzRead1l xZz[Kk][j] 238150 95.58
mm.c 63 xy Read 0 xy[i][Kk] 10854 4.36
mm.c 63 xx_Read2 xx]i][j] 149 0.06

mm.c 63 xxRead2 xx[i][j] mm.c 63 xzReadl1l xz[K][j] 149 100.00

mm.c 63 xxWrite3 xx[i][j] mm.c 63 xzRead1l xz[K][j] 149 100.00
Figure 6. Evictor Information for Unoptimized Matrix Multiply

7. Experiments machine code, the order of accesses is xy(read), xz(read),
, , ) xx(read), xx(write) indicated asy Read 0, xz Read 1,
In the following section, we |IIustrate_ the use of our ,, Read 2 andxx Wi t e_3, respectively.)
framework to analyze the locality behavior of several test

. . We observe the following overall performance:
kernels. We show how the cache simulation results can be 9 P

used to detect and isolate problem areas and to derive ap-'eads = 750000 temporal hits = 703930

propriate program transformations. writes = 250000 spatial hits = 34881
The cache configuration for simulation was that of a mzses = 7236?181% ;eprgtri’:lr?;tri?'o - g'gigi

MIPS R12000 processor with a total cache size of 32 KB, missratio = 026119 | spatial use = 0.16980

32 byte line size and 2-way associativity. A partial data
trace was obtained for each kernel. The compressed trace The high miss rate (26%) should be the first indication of
was run through the cache simulator to produce memory hi- concern for the analyst. Interestingly, the spatial use value is
erarchy statistics. quite low (0.16980). This indicates that the current program

. C referencing order is inefficient in the sense that most cache
7.1. Matrix Multiplication (mm) blocks are being evicted before the entire data in the block

We first report on experiments with a matrix multiplica- is referenced at least once.
tion kernel. The C source code is shown below (assuming Let us explore the cache statistics at a higher level of

that arrays are row-major). detail. Figure 5 depicts the per-reference cache statistics.
60 for (i=0; i < MAT_DIM i++) Thexz_Read_1 performance is immediately striking. All

61 for (j =0; j < MAT.DIM j++) accesses to the xz array were misses. A look at the source
62 for (k = 0; k < MAT_DIM k++) indicates the cause: The k loop runs over the rows of xz.
63 XX[P10i1=xy[i1[K]*xz[K][jT1+xx[il1[j]1; By the time reuse of xz data occurs (on next iteration of
MAT_DI M = 800 the i loop), the data has been flushed from the cache. With
total nenory accesses |ogged = 1000000 only a single element of the cache line containing xz being

The order of accesses is important to distinguish two dif- referenced for each iteration of k, the spatial use value is
ferent source code references to the same array in the repordlso low (0.171).
statistics (forexamplexx[i][j] READandxx[i][]] With the xx_Read_2 reference, the number of hits is
WRI TE). In the report tables, each distinct reference point large, as expected, sincettoe[ i ] [ j ] read is invariant for
from the machine code is represented by an identifier com-the k loop. Even here, however, the spatial use is low (0.5)
posed of the name of the data object it refers to, appendedindicating premature eviction before all data in the block
with the type of access (READ/WRITE) and the position of was referenced. Thex W i t e _3 writes to data locations
the reference point in the overall order of accesses in the bi-already brought into cache by thex Read 2 reference,
nary. (For example, in the untiled matrix multiply kernel's explaining a miss rate of 0.



Miss Temporal Spatial
File Line Reference  Sourdeef Hits Misses Ratio  Ratio Use
mm.c 86 xxRead2 xxil[j] 2.41e+05 8.79e+03 0.0352 0.972 0.673
mm.c 86 xyRead O xyl[il[K] 2.41e+05 8.79e+03 0.0352 0.896 0.732
mm.c 86 xzRead 1l xz[K][j] 2.50e+05 2.88e+02 0.0011 0.999 0.861
mm.c 86 xxWrite.3 xX]i][j] 2.50e+05 0.00e+00 0.0 0.989 noevicts

Figure 7. Per-Reference Cache Statistics for Optimized Matrix Multiply

Reference Evictors
File Line Name Sourc®ef | File  Line Name Sourc®Ref Count Percent
mm.c 86 xz.Read 1l xz[K][j] mm.c 86 xyRead0O xyl[i][k] 100 69.44
mm.c 86 xxRead2 xx[i][j] 42 29.17
mm.c 86 xzRead1l xz[K][j] 2 1.39

mm.c 86 xxRead2 xX]i][j] mm.c 86 xxRead2 xx[i][j] 4976 60.05
mm.c 86 xyReadO xyl[i][K] 3297 39.79
mm.c 86 xz.Read 1l xzZ[K][j] 14 0.17

mm.c 86 xxWrite.3 xX]i][j] mm.c 86 xxRead2 xx[i][j] 4976 60.05
mm.c 86 xyReadO xyJi][K] 3297 39.79
mm.c 86 xz.Read 1l xzK][j] 14 0.17

mm.c 86 xyRead O xy[i][K] mm.c 86 xyRead0O xy[i][k] 5010 59.52
mm.c 86 xxRead2 xx]i][j] 3279 38.96
mm.c 86 xzRead1l xz[K][j] 128 1.52

Figure 8. Evictor Information for Optimized Matrix Multiply

For the xy Read_0 reference, the number of hits is we can force the temporal reuse to occur at shorter inter-
quite large, comparable in magnitude to the hits for the vals in the overall event stream, especially for arrays xy and
xX_Read_2 reference. A surprising feature is the relatively xx. This will reduce the chance of these references having
high temporal ratio (0.854). With the k loop running over blocks flushed from the cache before the entire block data
the column dimension of xy and temporal reuse not oc- is utilized. The new transformed code with these improve-
curring until the next iteration of j, we would instead ex- ments is shown below.
pect the spatial fraction of hits to be high. This means that

thexy _Read_0 reference does not experiencetoo muchin- 81 for (jj=0; jj<MAT_DIM jj +=ts)
terference from other references over long stretches of ac-82 for (kk=0; kk<MAT_DIM kk += ts)
cesses (more than the length of the k loop). 83 for (i=0; i<MAT_DIM i++)
. ) . ) 84 for (k=kk; k<m n(kk+ts, MAT_DIM; k++)
The evictor table for mm is shown in Figure 6. Again, the gg for (j=jj: j<min(jj+ts, MAT_ DIM; j++)
xz Read_1 reference performance is unusual. Over 95% gg xx[1]1[j] = xy[i]1[k] * xz[KI[j] +
of the time,xz _Read_1 interfered with itself, indicating a xx[i1[i1;

capacity problem. Additionallysz Read _1 was the evic- tile size ts = 16;

tor for all the other references (100% of the time). These

evictions by xz cause premature invalidation of block data  We observe the following overall performance:
belonging to evicted references leading to low spatial use

(and, thus, low overall cache usage) for these references. reads = 750000 temporal hits = 947173
. . ) . writes = 250000| spatial hits = 34955

Improving datalocality: We have pinpointed the xz ar-  its = 982128| temporal ratio = 0.96441

ray references as having the maximum effect on cache per- misses = 17872 | spatialratio = 0.03559
formance. We need to change the program structure to re- missratio = 0.01787 | spatialuse = 0.70394

duce the access footprint for xz. By interchanging jthe

andk loops, we can increase locality for xz (since now the  Figures 7 and 8 show the per-reference cache statistics
inner loop runs over the columns of xz), which has the high- and the evictor table for the transformed matrix multiply
est number of misses. By strip mining theandk loops, code. Figures 9(a-c) contrast the results before and after
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Figure 9. Contrasted Metrics for Matrix Multiply before and after Optimizations

optimization for misses, use and evictor information for ever, we illustrate how the cache results can reveal the need
the critical reference&z Read_1, respectively. The over-  for these optimizations. The result of the analysis would
all miss ratio has decreased two orders of magnitude frombe similar in the case of more non-obvious codes benefiting
0.26 to 0.017. The overall spatial use has also improved from the same loop optimizations.

greatly from 0.16980to 0.70394. The greatest improvement
has occurred for thez Read 1 reference; the number of
hits has gone down from 0 to 2.5e+05, with 99.9% of these

16 for (k = 1; k < N, k++) {
17 for (i =2; i <N i++)

being t | hit 18 x[I1[k] = x[i]1[K] - _
eing temporal nits. _ x[i-1][k]*a[i][k] /b[i-1][K];
Also, for all references, the spatial use values have gone g tor (i = 2; | < N i ++)
up, increasing the efficiency of cache usage. The eviction g b[i][k] = b[i][Kk] -
table in Figure 8 explains why this happened. The num- a[i][k] * a[i]l[Kk] /b[i-1][K]:

ber of evictions for most references has gone down signifi- 21 }

cantly, especially for th&z reference from almost 240,000 N = 800

to less than 200. Evictors for this reference are also depictedt ot al nermory accesses | ogged = 1000000
in Figure 9(c). For other references, the evictors, in the ma-
jority of cases, are references to the same array. Overall,
the interference between the xz reference and other refer-

We observe the following overall performance:

has b anifi | d d with liah I reads = 800000 temporal hits = 351731
ences has been significantly reduced with a slight overall ;o = 200000| spatial hits - 147768
increase in interference between other referenegs be- hits = 499499 temporal ratio = 0.70417
tweenxy Read.0 andxx_Read_2). misses = 500501 spatial ratio = 0.29583
Consider the pseudo-code for the unoptimized matrix missratio = 0.50050 | spatial use = 0.20181

multiply again. Two references tox, a read and a write,
are executed on each array element. We performed our ex- As in nm the primary indicator of concern is the miss
periments by compiling without allocatingk[i ] [j ] toa ratio — over 50% of the total accesses are misses. Spatial
register in the inner loop. While register allocation would hits constitute just a third of the overall hits. The low spatial
have affected the total number of references<orit has a use value (0.20) indicates the poor efficiency of the current
negligible impact on eviction and miss ratios, as verified by program order of memory accesses.
the low eviction count of 149 in Figure 6. Only one out of
800 array references would have been affected in axgys The reference-specific statistics are summarized in the
andxz. In the optimized case, allocatingy to a register  first bar of Figure 10(a). In addition, Figure 10(b) in-
would have had a similar effect since the cache associativitydicates low spatial use for read references in the origi-
was two and both tiled blocks ofx andxy could co-exist ~ nal code. The first five reference$i | [ k], a[i][K],
in cache. b[i-1][K],b[i][k] anda[i][ k] do not have a sin-
. gle hitin the cache. Looking at the source code, a common

7.2. Erlebacher ADI Integration pattern is evident among all these reference: the inner loop

The C kernel for the Erlebacher ADI Integration is (iloop) runs over the rows of these references. Spatially ad-
shown below. For this kernel, the optimizations possible jacent elements from these arrays, in the same cache block
(loop interchange and fusion) are visually apparent. How- as these references, are accessed only on the next iteration
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Figure 10. Contrasted Metrics for ADI before and after Optimizations

of the k loop, by which time they have been flushed from marized for selected references in the second bar of Fig-
the cache. Hence, the spatial use value is low, and spatialure 10(a). The miss ratio has decreased substantially, espe-
hits are negligible. cially for the five references we focused or (Read _3,
a_Read_l, b_Read_2, b_Read 8, a_Read.5)inthe
The evictor information (not shown due to its size) ac- analysis of the unoptimized kernel. However, there still
tually indicates this problem independent of source code remain a non-negligible number of misses. If we look at
knowledge. A circular dependency exists for the referencesthe source names for the references, we see that there are
and their evictors within both inner loops. We need to re- a lot of common expressions (especiadlji ] [ k] and
order the accesses so that we can take advantage of spati@[ i ] [ k] ). Grouping these accesses together would fur-
reuse by running the inner loop over the columns (rather ther increase locality for the secondary accesses to the same
than rows) of these references. The source code indicatesrray €.9., groupinga _Read 1 anda _Read 5 would elim-
that this is possible without violating data dependencies. inate misses foa_Read_5). Of course, this transformation
Improving Locality: The loop-interchanged kernel is  would be possible only if no data dependencies are violated.

shown below. The new kernel is shown below.

16 for (i =2; i <N, i++) 14 for (i =2; i <N 1i++)

17 for (k =1, k < N, k++) 15 for (k =1; k < N k++) {

18 x[i1[k] = x[i]l[k] - 16 x[i1[k] = x[i][k] -
x[P-1][K] * a[il[k] /b[i-1][K]; X[i-1][K] * a[i][k] / b[i-1][k];

19 for (k =1; k < N, k++) 17 b[i][K] = b[i][k] -

20 b[i][k] = b[i][k] - afi][k] * a[i]l[k] / b[i-1][k];
afi][kl * a[il[k] /b[i-1][K]; 18 }

21}

We observe the following overall performance:
We observe the following overall performance:

reads = 800000 temporal hits = 454867 reads = 800000 temporal hits = 549822
writes = 200000| spatial hits = 419733 writes = 200000| spatial hits = 349849
hits = 874600| temporal ratio = 0.52009 hits = 899671| temporal ratio = 0.61114
misses = 12540Q spatial ratio = 0.47991 misses = 100329 spatial ratio = 0.38886
missratio = 0.12540 | spatial use = 0.96281 missratio = 0.10033 | spatial use = 0.99798

There is significant improvement in the miss ratio: ithas  The miss ratio has decreased from 12.5% to 10%. The
fallen from 50% to less than 13% in the optimized code. temporal use increased due to grouping of accesses, lead-
The access efficiency, indicated by the spatial use, has in-ing to approximately 5% increase in temporal hits. As a
creased drastically from 0.20 to 0.96. side-effect of the reduced number of evictions (directly cor-

Can we optimize the locality further? To determine this, related to reduction in total misses), the spatial use has in-
we need to look at the reference-specific statistics, sum-creased t®. 997, indicating excellent access efficiency.



The last bar in Figure 10(a) shows the per-reference as filters, and one component of the framework is a trace-
statistics for the loop-fused case. The table indicates thatspecification notation calledSpec. TSpec is similar to
the chief improvement has been in tleRead 5 and the RSDs described here in that it provides a more formal
x_Read_0 references. Grouping thed i ] [ k] access for  mechanism by which researchers may communicate with
a_Read_5 anda_Read_1 caused the misses farRead 5 clarity about the memory references generated by a proces-
to godownto zero. The Read 0 reference also decreased sor. The TSpec notation is more complex than RSDs since
its number of misses by over two orders of magnitude, lead- it is also the object on which the cache filter operates.

ing to a miss rqtio of almost 0. This is surprising since the  gyck and Hollingsworth performed a simulation study
reuse for thex[ i - 1] [ k] element (due to the[i][k] {5 pinpoint the hot spots of cache misses based on hardware
read reference) occurs only on the next iteration of the i gnnortfor data trace generation [3]. Hardware counter sup-
loop.  The reduction in the overall misses (and, thus, the 4t in conjunction with interrupt support on overflow for a
evictions) due to grouping seems to have reduced the Crossgache miss counter was compared to miss counting in se-
interference for the[ i - 1] [ k] reference as a side effect. |ected memory regions. The former approach is based on

Car_eful an_aIyS|s of the statistics reveals t_here is still probing to capture data misses at a certain frequeagy (
potential for improvement. The Read 3 (x[i][k]) one out of 50,000 misses). The latter approach performs a
and x Read 0 (x[i-1][k]) as well asb Read.2 binary search (or n-way search) over the data space to iden-
(b[i-1][k])andb.Read.8 (b[i][k])share temporal iy the |ocation of the most frequently occurring misses.
reuse potential on adjacent iterations of the i loop. The Sampling was reported to yield less accurate results than
misses forx_Read. 0 andb_Read.8 can be reduced by  gearching. The approach based on searching provided ac-
tiling (blocking) for the i and k loops. However, we will ¢ ate results (mostly less than 2% error) for these simu-
not discuss these modifications here. lations. Unfortunately, hardware support for these two ap-

proaches is not yet readily available (with the exception of
8. Related Work the IA-64), or there is a lack of documentation for this sup-

The idea of enhancing Dyninst by supplying the reg- port (as confi_rmed by one vend_or). In a_ddition, interrupt_s on
ister contents of scratch and non-scratch registers and th&Verflow are imprecise due to instruction-level parallelism.
ability to invoke high-level routines through indirect calls The data reference causing an interrupt is only known to
to dynamically loaded shared libraries builds on our prior P& located in “close vicinity” to the interrupted instruc-
work on multi-threaded debugging [26]. The performance tion, which compllc_:ates the analysis. Finally, this described
improvements due to inline instrumentation are consistent hardware support is not portable. In contrast, our approach
with previously published techniques for supporting fast to generating tracgs is appllce_lble to today'’s architectures, is
breakpoints [16]. Dyninst uses techniques similar to fast Portable and precise in locating data references, and does
breakpoints for inline instrumentation but, in contrast to NOt require the overhead of interrupt handling. Other ap-
the original work on fast breakpoints, in a portable fashion. Proaches to determining the causes of cache misses, such as
The invocation of arbitrary routines has also been realized Informing memory operations, are also based on hardware
in a similar fashion in DPCL, a distributed instrumentation SUPPOTt and are presently not supported in contemporary ar-
framework on top of Dyninst [10]. chitectures [15, 23].

Regular Section Descriptors represent a particular in-  Recent work by Mellor-Crummest al. uses source-to-
stance of a common concept in memory optimizations, ei- source translation on HPF to insert instrumentation code
ther in software or hardware. For instance, RSDs [13] are that extracts a data trace of array references. The trace is
virtually identical to thestream descriptors used at about  later exposed to a cache simulator before miss correlations
the same time in the compiler and memory systems work are reported [22]. This approach shares its goal of cache
inspired by the WM architecture [34]. correlation with our work, and we are considering collab-

Atom has been widely used as a binary rewriting tool to orative efforts. CProf [19] is a similar tool that relies on
statically insert instrumentation code into application bina- post link-time binary editing through EEL [17, 18] but can-
ries [28]. Dynamic binary rewriting enhances this approach not handle shared library instrumentation or partial traces.
by its ability to dynamically select place and time for in- Lebeck and Wood also applied binary editing to substitute
strumentations. This allows the generation of partial ad- instructions that reference data in memory with function
dress traces, for example, for frequently executed regionscalls to simulate caches on-the-fly [20]. Our work differs
of code and a limited number of iterations with a code sec- in the fundamental approach of rewriting binaries, which
tion. In addition, DyniInst makes dynamic binary rewriting is neither restricted to a special compiler or programming
a portable approach. language, nor does it preclude the analysis of library rou-

Weikle et al. [31] describe an analytic framework for tines. Another major difference addresses the overhead of
evaluating caching systems. Their approach views cachedarge data traces inherent to all these approaches. We re-



strict ourselves to partial traces and employ trace compres-9. Future Work
sion to provide compact representations.
o METRIC represents the first step towards a tool that al-
Recent work by Chilimbet al. concentrates on language ers jong-running programs on-the-fly so that their speed in-

supportand data layout to better exploit caches [7, 6] as well oo a5es over its execution time — without any recompilation
as quantitative metrics to assess memory bottlenecks withing, ,ser interaction. We are currently working on the sec-
the data reference stream [5]. This work introduces the term ;.4 step, the applications of program analysis and subse-
whole program stream (WPS) to refer to the data reference quent dynamic optimizations on the binary. As such, au-
stream, and presents methods to compactly represent thgymated optimization and on-the-fly injection of optimized
WPS in a grammatical form. However, the WPS compres- e presentwork in progress. The former requires not only
sion is only applicable to scalar data, while our approach e reconstruction of the control-flow graph, which is al-
addresses compact representations for array accesses angady available at the binary level, but also the calculation
even dynamically allocated objects. Other efforts concen- ot qata-flow information and the detection of induction vari-

trate on access modeling based on whole program traceypes in order to infer data dependencies and dependence

[2, 14] using cache miss equations [11] or symbolic refer- yisiance vectors [32, 33], a prerequisite to determine if cer-
ence analysis at the source level based on Presburger forgg;, program transformations preserve the semantics.
mulas [4]. These approaches involve linear solvers with re-

sponse times on the order of several minutes up to over an1) Conclusion
hour. We concentrate our efforts on providing feedback to a

programmer quickly. In this paper, we demonstrate that dynamic binary rewrit-

A number of approaches address dynamic optimiza- ing offers novel opportunities for detecting inefficiencies in
tions through binary translation and just-in-time compila- Memory reference patterns. Our contributions are a frame-
tion techniques for native code [27, 1, 8, 29, 12]. The main work to instrument selective load and store instructions on-
thrust of these techniques is program transformation basedin€-fly. the generation and compression of partial data traces
on knowledge about taken execution paths, such as trace®s Well as the simulation of reference behavior in terms of
scheduling. The transformations include the reallocation of caching. BY correlating evictor In_fc_era}tlon and aggreggted
registers and loop transformations (such as code motion and“3che metrics, sources of inefficiencies can be localized.
unrolling), to name a few. These efforts are constrained by '€ analysis allows us to infer the potential for program
the trade-off between the overhead of just-in-time compi- transformations. These transformations result in an abso-
lation and the potential payoff in execution time savings. lute miss rate reduction of up to 40%. Our results still use
Our approach differs considerably. We allow offline op- manual code transformations but we are working on an au-
timizations to occur, which do not affect the application’s tomated approach to optimize applications on-the-fly, a task

performance during compilation, and we rely on injection thatfaces many interesting challenges.

of dynamically optimized code thereafter. Acknowledgments

SIGMA is a tool using binary rewriting through Aug-
mint6k to analyze memory effects [9]. This is the closest = The comments of the anoymous referees helped improve
related work. SIGMA captures full address traces through the quality of the paper.
binary rewriting. Experimental results show a good correla-
tion to hardware counters for cache metric of entire program Refer ences
executions. Performance prediction and tuning results are
also reported (subject to manual padding of data structures [1] V.Bala, E. Duesterwald, and S. Banerjia. Dynamo: A trans-
in a second compilation pass in response to cache analy-  Parent dynamic optimization system. KCM SIGPLAN
sis). Their approach differs in that they neither capture par- Conference on Programming Language Design and Imple-
tial data traces nor present a concept for such an approach. mentation, pages 1_12_’ June 2000. _
Their compression algorithm is inferior since it results in [2] B. Buck and J. K. Hollingsworth. An API for runtime code
linear space representations for interleaved patterns, such patching. The International Journal of High Performance

. . . ’ Computing Applications, 14(4):317-329, Winter 2000.

as matnces sequentially indexed, Wher_eas ConSta.nt space [3] B. R. Buck and J. K. Hollingsworth. Using hardware per-
suffices, as demo.ns.trated by our algorithm and Figure 2. formance monitors to isolate memory bottlenecks. In ACM,
Our cache analysis is more powerful. It reports not only editor, Supercomputing, pages 6465, 2000.
per-reference metric but also per-reference evictor informa- (4] s chatterjee, E. Parker, P. Hanlon, and A. Lebeck. Exact
tion, which is imperative to infer potential for optimizations. analysis of the cache behavior of nested loop#AGM SIG-
Subsequently, we are able to apply more sophisticated opti- PLAN Conference on Programming Language Design and
mizations, such as tiling and loop transformations. Implementation, pages 286—297, June 2001.



(5]

(6]

(7]

(8]
(9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

T. Chilimbi. Efficient representations and abstractions for
quantifying and exploiting data reference locality. AGM

S GPLAN Conference on Programming Language Design
and Implementation, pages 191-202, June 2001.

T. M. Chilimbi, B. Davidson, and J. R. Larus. Cache-
conscious structure definition. WCM SIGPLAN Confer-
ence on Programming Language Design and Implementa-
tion, pages 13—-24, May 1999.

T. M. Chilimbi, M. D. Hill, and J. R. Larus. Cache-conscious
structure layout. InACM SIGPLAN Conference on Pro-
gramming Language Design and Implementation, pages 1—
12, May 1999.

C. Cifuentes and M. V. Emmerik. UQBT: Adaptable binary
translation at low costComputer, 33(3):60-66, Mar. 2000.

L. DeRose, K. Ekanadham, J. K. Hollingsworth, , and
S. Sharaglia. SIGMA: A simulator infrastructure to guide
memory analysis. l'Supercomputing, Nov. 2002.

L. DeRose, J. Hollingsworth, and T. Hoover. The dynamic
probe class library — an infrastructure for developing instru-
mentation for performance tools. International Parallel

and Distributed Processing Symposium, Apr. 2001.

S. Ghosh, M. Martonosi, and S. Malik. Cache miss equa-
tions: a compiler framework for analyzing and tuning mem-
ory behavior. ACM Transactions on Programming Lan-
guages and Systems, 21(4):703-746, 1999.

B. Grant, M. Philipose, M. Mock, C. Chambers, and S. Eg-
gers. An evaluation of staged run-time optimizations in dyc.
In ACM S GPLAN Conference on Programming Language
Design and Implementation, pages 293—-304, June 1999.

P. Havlak and K. Kennedy. An implementation of inter-
procedural bounded regular section analys$iSEE Trans-
actions on Parallel and Distributed Systems, 2(3):350-360,
July 1991.

J. Hollingsworth and L. DeRose. The sigma tools Péna-
dyn/Condor Week, Mar. 2001.

M. Horowitz, M. Martonosi, T. C. Mowry, and M. D. Smith.
Informing memory operations: Providing memory perfor-
mance feedback in modern processors. Irternational
Symposium on Computer Architecure, pages 260-270, May
1996.

P. B. Kessler. Fast breakpoints: Design and implementa-
tion. In Proceedings of the Conference on Programming
Language Design and Implementation, pages 78—84, 1990.

J. R. Larus and T. Ball. Rewriting executable files to mea-
sure program behaviorSoftware Practice & Experience,
24(2):197-218, Feb. 1994.

J. R. Larus and E. Schnarr. EEL: Machine-independent exe-
cutable editing. I'ACM SIGPLAN Conference on Program-
ming Language Design and Implementation, pages 291—
300, June 1995.

A. R. Lebeck and D. A. Wood. Cache profiling and the
SPEC benchmarks: A case stu@omputer, 27(10):15-26,
Oct. 1994.

A. R. Lebeck and D. A. Wood. Active memory: A new
abstraction for memory system simulatioACM Transac-
tions on Modeling and Computer Smulation, 7(1):42-77,
Jan. 1997.

J. Marathe and F. Mueller. Detecting memory performance
bottlenecks via binary rewriting. IWorkshop on Binary
Tranglation, Sept. 2002.

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

J. Mellor-Crummey, R. Fowler, and D. Whalley. Tools for
application-oriented performance tuning. linternational
Conference on Supercomputing, pages 154-165, June 2001.
T. C. Mowry and C.-K. Luk. Predicting data cache misses in
non-numeric applications through correlation profiling. In
MICRO-30, pages 314-320, Dec. 1997.

F. Mueller, T. Mohan, B. R. de Supinski, S. A. McKee, and
A. Yoo. Partial data traces: Efficient generation and repre-
sentation. In\brkshop on Binary Trandlation, IEEE Tech-
nical Committee on Computer Architecture Newsletter, Oct.
2001.

I. Research. Personal communications. July 2002.

D. Schulz and F. Mueller. A thread-aware debugger with an
open interface. IPACM International Symposium on Soft-
ware Testing and Analysis, pages 201-211, Sept. 2000.

R. L. Sites, A. Chernoff, M. B. Kirk, M. P. Marks, and S. G.
Robinson. Binary translatiof€ommunications of the ACM,
36(2):69-81, Feb. 1993.

A. Srivastava and A. Eustace. ATOM: A system for build-
ing customized program analysis tools. AGM SIGPLAN
Conference on Programming Language Design and Imple-
mentation, pages 196—205, June 1994.

D. Ung and C. Cifuentes. Optimising hot paths in a dynamic
binary translator. InNbrkshop on Binary Translation, Oct.
2000.

J. Vetter and F. Mueller. Communication characteristics of
large-scale scientific applications for contemporary cluster
architectures. Imnternational Parallel and Distributed Pro-
cessing Symposium, Apr. 2002.

D. Weikle, S. McKee, K. Skadron, and W. Wulf. Caches as
filters: A framework for the analysis of caching systems. In
Grace Murray Hopper Conference, Sept. 2000.

M. E. Wolf and M. S. Lam. A data locality optimizating
algorithm. InACM SIGPLAN Conference on Programming
Language Design and Implementation, pages 30-44, June
1991.

M. Wolfe. High Performance Compilers for Parallel Com-
puting. Addison-Wesley, 1996.

W. Wulf. Evaluation of the wm architecture. International
Symposium on Computer Architecture, pages 382—-390, May
1992.



TGGY6 VO ‘@I0WIaAIT

juawieda uoeWIOU| [221UYIL
AJ01e]0geT [eUOITeN 2JOWIAAIT 0UIMET
elulolRD 10 AlSIBAIUN



