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Abstract—This paper describes our experience with profiling
and optimizing physical locality for the distributed shared
cache (DSC) in Tilera’s Tile multicore processor. Our apprach
uses the Tile Processor’'s hardware performance measuremen
counters (PMCs) to acquire page-level access pattern profis.
A key problem we address is imprecise PMC interrupts. Our
profiling tools use binary analysis to correct for interrupt
“skid,” thus pinpointing individual memory operations that
incur remote DSC slice references and permitting us to sampl
their access patterns. We use our access pattern profiles toide
page homing optimizations for both heap and static data objects.
Our experiments show we can improve physical locality for 5
out of 11 SPLASH2 benchmarks running on 32 cores, enabling

On processors with distributed caches, higher performance
can potentially be achieved by managing on-chip physical
locality so that data are placed in the cache banks closest to
their referencing cores. Such ban&ming optimizationsan
be controlled either in hardware at cache-block granylarit
or in software at page granularity. Hardware techniques,
which are implemented within the cache coherence protocol,
typically map the cache blocks on different banks based on
memory block addresses. Software techniques typically rel
on the operating system to provide homing information via
the virtual memory layer, thus enabling individual pages to

32.9%-77.9% of DSC references to target the local DSC slice.
To our knowledge, this is the first work to demonstrate page
homing optimizations on a real system.

be homed on different banks. Page-based techniques often
require profiling to determine per-page access patterns for
driving the page homing decisions. Apart from homing
optimizations, it is also possible to replicate and/or raigr
data at runtime to further improve physical localig.d, to
Practically all current high-performance commercial {rgck dynamically changing access patterns).
CPUs integrate multiple cores on a single chip. Today, Several researchers have explored homing optimizations
multicore chips with 4-8 cores are commonplace. Severgh the past, with significant prior work related to both
companies have also demonstrated that it is possible tRardware cache block-based [5], [6], [7], [8], [9], [10] 11
integrate many 10s of cores on-chip [1], while others arezs well as software page-based [12], [13], [14], [15] tech-
shipping manycores [2] that run standard operating systemgiques. However, all of this prior research was conducted on
and are programmable using familiar shared memory modsimulators. To our knowledge, no study has applied homing
els. And since Moore’s law scaling will continue at historic optimizations on real processors. Such research is impuiorta
rates for the foreseeable future [3], even higher core ®unthecause it can highlight real-world issues overlooked by
are expected down the road. simulation studies that must be addressed before possible
A key determiner of multicore performance is the on- penefits can be realized.
chip cache. As the number of cores increases, it becomes |n the past, processors did not implement distributed
necessary to introduce hierarchy or to distribute the cachgaches, so real-system studies were not possible. But this
across the chip and provide independent access to separgeno longer the case today. For example, Tilera Corporation
cache banks in order to keep up with the on-chip parallelismpas recently shipped many-core CPUs that use a tiled CMP
A multicore in which the shared cache is distributed amongyrchitecture. In thesdile Processorg2], the lowest level
the processor's cores is called a distributed shared cach§ cache employs a cache-coherent distributed shared cache
(DSC [4]) architecture. Memory references to such physyrchitecture. A typical Tile processor DSC is composed of
ically distributed shared caches exhibit non-uniform costg4 independent cache “slices” distributed amongst thescore
since data placed in a cache bank close to a requesting cof@rdware maintains cache coherency and operating system
can be accessed more quickly than data placed in a distagtovide homing information. When a processor makes a
bank. Even when the caches are coherent, the cache missgﬁen memory reference and suffers a cache miss, the cache
will exhibit a non-uniform cost. This can affect performanc coherency mechanism directs the miss tboae cachen
each time the distributed cache is accessed-when a  another core on the chip, thereby potentially averting dlyos
miss occurs from a cache higher up in the on-chip memonyff.chip DRAM access. The coherency hardware then moves
hierarchy. the referenced data automatically to the referencing sore’

I. INTRODUCTION



cache so that subsequent references may be satisfied locally

In this architecture, cache misses incur a variable cache @

access latency, making homing optimizations relevant.
This paper presents our early experience with improving

physical locality in a Tile Processor's DSC. Our work P

focuses on how to apply page-based homing optimizations

on the Tile CPU, making the following contributions. First,

we present a novel technique for acquiring fine-grain page-

level access pattern information for driving page placemen

decisions. Although only information about which threads I

access which pages is needed, determining this requires pin -g='ug=

pointing individual memory instructions so that the memory I@ﬂ!—- | [ 0 | _I_

addresses, and hence pages, each thread accesses can be — e e T

profiled. Our solution leverages the Tile Processor’s hardEigure 1. A typical Tile Processor is composed of 64 tileshezontaining

ware performance measurement counters (PMCs) to sampi@,\i/tlg:]v_v core * L1 cache, an L2 cache "slice" and an on-chip rebw

the effective addresses of individual memory instructions ] ) o ] o

PMCs enable low-overhead profiling, but they are typicallyPattern p_roﬂles were obtalngd via simulation which is slow

not designed to provide per-instruction sample resolution@"d requires architectural simulators. To enable pageebas

A key part of our solution is to use binary analysis to t_ec_:hnlques on real sy_stems,_ it is cruc_lal to develop more ef-

correct the imprecise hardware samples, thus pinpointinBC'em techniques. Th|s sec.tlon describes how accesgpatte

individual memory instructions that reference remoteesiic Profiles can be acquired using hardware PMCs. Section II-A

and permitting us to profile their access patterns. begm_s with an overview of the T|Ie_Processor. architecture
Second, we use our access pattern profiles to drive homir@d its PMC support. Then, Section II-B discusses the

decisions, to place the pages on the tile that accesses thdifpblem of profiling individual memory instructions, and

the most. Specifically, we try to explicitly home and improve describes how we _address the problgm. Finally, Section II-C

physical locality for pages in the heap and static datdresents the profiling system we built.

mfemory rzgio_ns. \_/l\/e t;:urrer!tlylonly optirriz_e pa?]es that ahrg\_ Tile Processor

rDeSege;?(:ee g(r)l;neirtl ¥o % : (i)r;g ?Nﬁﬁr?r’] ep ;%2? rtefirr?ar? cne; ; A_typical Tile Processor, illustrated in Figure_l, consisits

the page. Our optimizations do not allow page migration.a grid of 64 general—purpose_VLIW cores and mterconnect_ed

Instead, placement decisions made at memory allocatioRy m”'?'p'e 2D _mesh on-chip networks. Each core has its

time are fixed for the duration of the program’s run. own prlva'Fe split L1 .ca(_:he, and a local L2 cache that acts

as one slice of a distributed shared cache. The core and

Finally, we conduct experiments using programs from.t iated h ted to th hi work
the SPLASH2 benchmark suite [16] that demonstrate oulfs associated cache are connected fo the on-chip NEWorks
through a switch. The switch, core, and cache are referred to

profiling and optimization techniques. Our results show we ; : . : o
can improve physical locality for 5 out of 11 SPLASH2 as atile. Cores can access their local L2 slice with minimal
benchmarks running on 32 cores, enabling 39.3%_77.90}9tency, but incur increasingly higher latencies to access
of DSC references to target the IO(,:aI DSC slice. MoreoverM°re distant L2 slices due to inter-tile communication asro
we find our homing optimizations already exploit most of tht_arlsmg:hed mtercorlllnect. | . hich dat

the potential physical locality in the SPLASH2 benchmarks.be '?acer;(;is;(s)zgs tr?eolgvsée\ég::ielv%illﬁir:v I(():n aa: gabn
Significant improvements can only come by creating more P ' 9 page-by

o ; . age basis in which each page can be homed on any given
opportunities for homing, perhaps by addressing false-shaf ; ; _ o
ing via smaller virtual memory pages. core. This permits flexible OS-controlled distribution aita.

The remainder of the paper is organized as followss'nce our work focuses on page-based homing, we use the

Section Il presents our access pattern profiling technique;rIIe Processor's per-page mechamsm exclusively. .
In the per-page approach, every virtual memory page is

Then, Section Ill describes how we home pages based on signed its own home tile. The home tile’s L2 cache is

the access pattern profiles. Next, Section IV discusses Ot?rsh he blocks f i hed hio. |
experiments. Finally, Section V concludes the paper. where cache blocks Irom Ihe page are cached on-chip. in
Section Ill, we will discuss how software can specify the

1. ACCESSPATTERN PROFILES home for each page, thus controlling data placement on-

Software page-based techniques require access pattéfhip-
information to drive page homing decisions. In particular, 10 €nable measurement of low-level hardware events,
the distribution of references performed by cores on 4he Tile Processor supports 2 32-bit hardware performance

per-page basis is needed. In previous work, such acced&aeasurement counters per tile. Each hardware PMC can

L2

L1 slice




observe one of 99 pre-defined hardware events at any Event-riggefing load—ge- PG;: Load rl, (12)

moment in time. These events monitor instruction execution Skid .

in the cores, memory operations in the memory hierarchy, as -

well as traffic across the on-chip network. The Tile Processo PG, Add I3, 11, 15
runs a Linux operating system which supports OProfile, a

UNIX system-level utility for accessing the hardware PMCs. il

In addition, we ported PAPI [17] and Perfmon2 [18] to the PMC interrupt e, sampled

Tile Processot.These are standard APIs that export a fuller

set of PMC features to users compared to OProfile. Figure 2. Imprecise handling of PMC interrupts on the Til®d@ssor

results in sampling of the instruction dependent upon thentetriggering

B. Using PMCs to Profile Memory References load (PC?) rather than the load itseli{C).

For every page in memory, we profile the number of When a PMC interrupt is signaled, the core keeps executing.
references each core makes to the page in the DSC, thég some later time, the interrupt is actually serviced, byt b
identifying the most frequently referencing core(s) on & pe then the core may have executed past the event-triggering
page basis at the DSC level. We only profile read reference®struction. If so, the PC sampled is not the load performing
(loads) since these are the main source of performandée DSC reference, but rather some other PC further down
degradation. (Stores write to a store buffer on a cache misghe instruction stream. Such PMC sampling “skid” is not
They do stall when a memory fence is performed, but thed problem when trying to locate the function or thread
programs we studye.g.SPLASH2, are coarse grain parallel incurring an event, but it prevents pinpointing individual
programs in which fences are very infrequent. Thereforefnemory instructions which is necessary to profile their
stores rarely stall in such programs). access patterns.

The Tile Processor's PMCs can monitor a remote-read Fortunately, it is possible to correct for sampling skid on
hardware event which is useful for acquiring access patterthe Tile Processor due to certain features of its pipelime T
profiles. A remote-read event occurs each time a core issugddle CPU employs a register file with presence bits [19]
a load instruction that misses in the local L1 cache and theihat allow execution past cache-missing loads, providing
hits in a remote L2 slice. This monitors all DSC referencessome latency tolerance. Rather than the cache-missing load
except for those issued by the core on the referenced pagestalling the pipeline, the first instruction to use the Isad’
home. To get around this problem, during profile runs, wetarget register stalls, as illustrated in Figuré I practice,
home all pages on a spare tile not running any of theve find the delay in signaling a PMC interrupt is larger
compute threads, thus forcing all DSC references to be northan the def-use distance for loads that reference the DSC
local and allowing them to be monitored by the remote-readwe observe a def-to-use of 1-20 VLIW instruction bun-
event. dles), but smaller than the latency for the remote L2 slice

While the PMCs can count DSC references, they alon&ccess. Hence, the PMC interrupt almost always samples the
cannot associate the counts to pages and cores. For thigstructiondependenon the event-triggering load.
we rely onsampling Hardware PMCs can be configured By performing dependence analysis, we can identify the
to deliver an interrupt after a pre-set number of remote-event-triggering load instruction from the sampled PCss it
read events have occurred, allowing an interrupt handler téhe first load preceding the sampled PC whose destination
periodically sample load references to the DSC. In pasicul register matches one of the sampled instruction’s source
each interrupt can identify the core performing the load registers. Usually, we encounter the event-triggering ioa
as well as the particular load instruction involvece( its ~ the same basic block as the sampled instruction. However,
program counter or PC). Moreover, given knowledge ofin some cases, the event-triggering load resides in the
the particular load being sampled, the interrupt handler cabasic block preceding the block containing the sampled
probe the register containing the load’s effective addres#istruction. To handle these cases, we perform dependence
and identify the referenced page. In this fashion, eaclnalysis across basic blocks when necessary.
interrupt/sample can attribute a single page reference to
particular core. After a large number of such samples, we ca - .
determinestatisticallythe frequency with which all pagesin  We perform two profiling runs to acquire the access pat-
a program are referenced by each core. tern profiles. The flrs_t addres_,ses the imprecise PMC interrup

One obstacle to implementing this approach is the -|-i|e_0robler_n described in Section 1I-B. _It coIIects_ all of the
Processor's PMCs (as well as those on most other coniMPrecisely sampled PCs that occur in the profiled program.
mercial CPUs) does not provide per-instruction samplingThenv after this profiling run completes, we perform binary
resolution. The problem is PMC interrupts are not precise. 2It is possible that the first use does not stall if the cachesrtétency

is completely overlapped, but this is not the common case.

Q Profiling Tools

1The latest versions of PAPI are implemented on top of Perfimon



Program Binary [1l. PAGE HOMING OPTIMIZATION

' Once the access pattern profile and malloc log have been
Oprofile acquired for a given program, subsequent executions of the
v program can use them to drive page homing optimizations.
'mg;ergipslzspc_, An;)ilr:sn} ol This section presents our optimizations. First, Sectibll
describes the access patterns that we target. Then, Sec-

BAPI Profiler Imprecise-to-Corrected tions IlI-B and I1I-C (_axplain hoyv we drive page homing
PC Table for the heap and static data regions, respectively.

A. Optimization Opportunities

Access

Pattern mLalloc Our page homing optimization tries to home pages resid-
profile o0 ing in the heap and static data memory regions on the tiles
Figure 3. Profiling infrastructure for acquiring accesstqat profiles. where they are referenced most frequently. Currently, our

vsis t ¢ th i kid and identifv th toptimization targets pages in the access pattern profifgs th
analysis to correct the sampling skid and identify the even are referenced primarily by single core Figure 4 shows

”'ggef'”tg I(?[ﬁds.' From_ th||sbgnalytsh|st,hw_e build a taz!e thatan example access pattern profile, illustrating the differe
assoclates the Imprecise .S wi €Il colresponaing ok qass patterns and objects we optimize.
rected PCs, along with the register containing the effectiv

: : In Figure 4, we graph the access pattern profile for a
address of the event-triggering load at the corrected PC. 16-core execution of Ocean, a program from the SPLASH?2

'I'ff_]le selgon.d prtot:‘.lllng rl}f? acquires thiactuallgccgsts patt?@enchmark suite [16]. Pages are plotted along the X-axis
profiies. uring this protiling run, €ach sampling INeupt e cores are plotted along the Y-axis. The graph plots

consglts the |_r_npreC|se-to?corr_ected PC table compl_Jterd fro the normalized number of samples acquired for each page
the first profiling run to identify the load responsible for from each core along the “Z-axis” (extending out of the
the interrupt as well as its effective address register. A aper). Samples that are particularly large are highligbe

discussed in Section 1I-B, the interrupt handler probes th he shaded peaks. As Figure 4 shows, the pages numbered

register to determine the referenced page, and logs th L - .
sample (core ID and page number) in a profile table. Atfo6 o 883 are referenced primarily by a single cdre,(

iy . . " at each X-axis point in this range, there is always a single
the ter_ld otfhthe second '?[tmf'“ng rfl_JIn' this ptrOTEt} t?ﬁle_Wh'ChY—axis point with a dominant peak). These are the pages our
contains e access pattern profiie=is output to the user. optimization tries to explicitly home.
Figure 3 illustrates the tools involved in profiling. We

. - . o - In addition to identifying the pages to optimize, we must
use the OProfile utility (see Section 1I-A) in its unmodified - : ; ) .
form to collect the imprecise PC samples. We built our ow also identify which program-level objects the pages belong

. . ) _ Nto. This is particularly important for heap objects because
binary analysis tool to construct the imprecise-to-caeéc

L it determines which malloc calls must be instrumented to
PC table. This binary analyzer extracts a control flow graprbontrol homing (see Section IlI-B). In practice, we find gner

from the program binary to permit inter-basic block analysi re two different types of objects. The first is illustrated i

\t/vhen se_arcthhlng for the co::ected PfC_is. F|\;1Vally, w(;e_fgsde g:EEigure 4 by pages 148-274 and 274-442 which form diag-
0 acquire the access patlern profies. WWe modiiie nal access patterns that increase in core ID with incrgasin

to download the imprecise-to-corrected PC table into thei)age number. Each of these two memory regions is a single
kernel. We also modified PAPI's kernel-level PMC counter bject (in this example, they are both on the heap and each

overflow hf”‘”d'er o pe.rform. Fhe_PC sample correction an(fs allocated by a single malloc call). Due to their diagonal
load effective address identification.

o . access pattern, each object is accessed by all the cores,
In addition to profiling access patterns, we als_o log a”but most of the per-core accesses are destined to mutually

calls to malloc, the heap memory allocator. During eac_hexclusive and contiguous pages in the object. These two

malloc call, we record the call site as well as the dynami emory regions are examples distributed arrays They

Lpstanc\eNLor that r::a" ﬁ'te (ITI ca;se Itis execu(tjet(:] mUItIIf,lecan be optimized by distributing their pages in chunks acros
imes). When each malloc call returns, we record the sgrtin neighboring tiles to match their diagonal access patterns.

address and size of the allocated object. This information The second type of object is illustrated in Figure 4 by

allows us tp_associate pages in the access pattern proﬁI?)%‘geS 106-127 and 442-883 which form diagonal access
back to individual heap objects, and to identify where (call atterns that decrease in core ID with increasing page

site and dynamig call_instance) jch(_)se Obje.CtS were createfl nper, Again, most of the per-core accesses in these two

As the_n(_ax_t section W'I.l show, this information can be uS‘deemory regions are destined to mutually exclusive and

for optimizing heap objects. contiguous pages. But instead of one object containing all
of the pages on the diagonal, each set of pages that are
referenced by the same core is a separate olijectqn the



Core IDS

Page Numbers

Figure 4. Example access pattern profile of a 16-core exatudf Ocean from the SPLASH2 benchmark suite. Page numberglaited along the
X-axis while core IDs are plotted along the Y-axis. Normatizsample count per core/page is plotted along the “Z-axistefiding out of the paper).

heap, each would be allocated by a separate malloc callhext tile—to be the ratio of the distributed array size arel th
These memory regions are examplespdi/ately accessed number of tiles in the machine times the page Si&ince
objects They can be optimized by homing all of their pageseach mspace can only support a single chunking factor, we
on the tile where most of the memory references occur. must create one mspace for every unique chunking factor

The remaining pages in Figure 4 in the ranges 1-106 andcross all of the distributed arrays in the program.

883-950 are primarily accessed by multiple cores, usually In order to select the appropriate mspace for each allo-
2 or 3. Although not shown in Figure 4, another commoncated heap object, our custom malloc function consults the
case is pages that are accessed equally by all the coresalloc log and access pattern profile acquired during the
Our optimization does not try to improve physical locality profiling runs. In particular, as the custom malloc function
for such shared pages. Instead, we simply distribute shardd called at runtime, it matches the call to its correspogdin
pages in round-robin fashion across tiles. call of malloc in the malloc log. (The custom malloc
B. Homing Heap Pages function I_<eeps trgck of the same call s_iFe and dynar_nic call

: instance information logged during profiling, as descrilred

Page homing in the heap can be controlled via the Tilesection 11-C, to enable matching). Once the corresponding
Processor's mspace abstraction. A standard Linux parametenalloc call from the profiling run is identified, the heap ob-
mspace is a segment, with a particular homing policy fofject being allocated can be determined along with its access
all pages in the segment. By default, the heap resides in gattern. If the heap object is a distributed array or a peiyat
single mspace that homes its pages on the tile performingccessed object, then the custom malloc function allocates
the first malloc to each page. For programs in which core Qne object onto the mspace that supports the object’s access
allocates all of the heap objectse(, most of the SPLASH2  pattern. Otherwise, the custom malloc function allocaes t
programs), this default policy places the entire heap @n til gpject onto a default mspace that distributes the object's
0. pages across tiles in round-robin fashion.

To improve physical locality for the different heap objects  Since our optimizations are profile-driven, their effec-
and access patterns described in Section Ill-A, we creatgveness is sensitive to discrepancies in access patterns
multiple mspaces with different homing policies. We alsopetween the profiling and optimized runs. The chunk size
provide a custom malloc function in a separate optimizationhat each thread accesses will be different if the input
Iibrary that can select between these different mspaces, th data size Changes_ In particu|ar, it may be desirable for
binding different homing policies to heap objects as theypptimized runs to use a different input problem or core
are allocated at runtime. Users need only link their prograngount compared to the profile runs. Our optimization library
against our optimization library, and provide the accessries to compensate for changes to these two parameters. For
pattern profile and malloc log for their program to enableexample, our custom malloc function adjusts the chunking
our heap optimizations. factor for distributed arrays if array size and/or machine

For privately accessed heap objects, our optimization lisize changes from profiling run to optimized run. However,
brary creates one mspace per tile, with each mspace homingide from problem input and core count variation, we do
its pages on a unique tile. At allocation time, the customnot compensate for any other factors that may alter access
malloc function selects one of these mspaces according {gatterns at runtime, for example dynamic work distribution
the access pattern profile, thus homing the entire object ofe.g, using work queues).
the tile where most of its references occur. Our current page homing optimizations for the heap are

For heap-based distributed arrays, our optimizationfipra mostly (though not fully) automatic. As mentioned above,
creates an mspace that distributes pages across tilestso tigers must link their programs against our optimization
each portion of the distributed array resides in its refeiremn
core’s local tile. To achieve the desired physical locality °The chunking factor may not be an integral number of pagegabtss

. . . . permit specifying a separate chunking factor per tile in digribution.
we set the dlstrlbutloru:hunklng factori.e,, the number of This allows placement of the majority of a distributed aisaglements on
contiguous pages to place on one tile before moving onto thae optimal tile.



[ Benchmark] _input ]| Benchmark] __Tnput ] the highest level of optimization. Table | lists the bench-
FFT 24" points Ocean 1026 grid : : :
Bames 16384 bodies || Water-NS | 1000 molecules marks and the input problems we used in the experiments.
Chglesky tk17.0 ) Waéer-SP 1000 mg)lecules Unfortunately, we encountered some bugs in our page
Radix 2097152 keys|| Radiosity 7832 objects : . -
LU 1024 matrix || Raytrace | balla homing code that prevented us from running with a large
FMM input.2048 number of cores. At the time of writing this paper, we were
Table | unable to perform profiling and optimized runs on more than
SPLASH2BENCHMARKS USED IN OUR STUDY ALONG WITH THEIR 32 cores for a number of SPLASH2 benchmarks. So, we
INPUT PROBLEM SIZES only report experiments on at most 32 cores.

lib qditi h I iib initiali For each benchmark binary, we acquire access pattern
orary. In a . ition, t_ey must. call our fibrary Initializan . profiles and malloc logs using the profiling tools described
routines Wh'?h requires adding 4 lines of c_:c_)de to theify section 11-C. All of our profiles are acquired on 32-

program. Aside from this, there are no ad‘?"“?’”a_' SOUrC&pre executions of the benchmarks. Then, we instrument
code changes needed to apply our heap optimizations. e penchmark source codes to call our optimization library

C. Homing Static Data Pages initialization routines and to perform the homing optimiza

Unlike heap objects, static data objects are allocated glons for the static data region, as discussed in Sec“d’_r‘s_”
compile time, and are bound to a particular mspace. HencérjmOI -C. _Lastly, we r.e'f:O”?p"e _the benchmarks, linking
they are already assigned a home by the time a prograII\[?em against our optimization library, and. run them to
begins execution. Similar to the heap, the default policy jgneasure Op“”.“zed performance. Thgse optimized runs use
to home all pages from the static data region on tile O. the same qonflguratlons as the profiling runs. -

To control page homing in the static data region, we use To qu:_;mtlfy Improvements, we compare t_he opt|m|zed and
memory mapping and unmapping to change the hominginOpt'm'Zed benchmarks._ As dl_scussed in Sect|0ns_ 1-B
policy from the default policy. In particular, we identify nd I1I-C, the default homing policy places all pages in the

all pages in the static data region from the access patter@”?t'nag) un?pt|m|zeq t:enr(]:_h??rks on tile 0. :’o rﬁ)r_owde a
profile that are referenced primarily by a single core. Next,.e er baseline against which to compare our techniques, we
k the unoptimized benchmarks against our optimization

we copy the contents of these identified pages to an extern . L

file. Then, we unmap the copied pages from the program’ rary, but configure the system_to d|str|but_e all heap and

address space, and map into their place the copied data froﬁ‘?ﬂc ‘?"Tﬂa Pages across t|_Ies with a chunking fa_lctqr of 1.

the external file using themap_nbi nd() system call. is utilizes the DSC capacnyfu_lly, but randomly distries

Similar to mspaces, the mmapbind() system call permits pages across the on-chip L2 slices.

specifying a home tile for the mapped pages. Hence, thishIn our results, we report sampled page references at
the DSC level. Since we use a sampling frequency of

permits per-page homing control. 000 f : b red int ¢
In our current implementation, we determine the pages tJ » Sampling counts can be convertead into page reterence
counts (at least approximately) by multiplying by 7000.€Th

optimize in the static data region manually, and insert the lect ¢ linal f S tant. é th
unmapping and mapping calls manually into the programSe ection of a proper sampling frequency IS important.

source code. However, due to the systematic nature of theé@mpling frequency is too small, profiling will incur large
%verhead; but if the sampling frequency is too large, less

analyses and source code instrumentation, we believe it | " ‘ b led. O hoi £ 7000
possible to automate them in the future. requent events may not be sampied. Dur choice o
for the sampling frequency was determined experimentally,
IV. EXPERIMENTAL RESULTS and works well for SPLASH2 benchmarks. It may be

This section demonstrates the profiling and optimizatiore€cessary to tune this sampling frequency parameter for
techniques discussed in Sections Il and Ill, and studies th@ther benchmarks.) Lastly, we only report measurements in
potential benefits they can provide. In particular, our expe the parallel region of each benchmark. We exclude program
iments quantify the number of remote L2 slice referencednitialization, which is performed at the beginning of each
that are converted into local L2 slice references by the pag8PLASH2 benchmark on a single core.
homing optimi.zations_. We begin by discu;sing experimental; Physical Locality Results
methodology in Section IV-A. Then, Section IV-B presents

our results. Table II reports our page reference count results. In

particular, the 2¢ and 3¢ columns of Table Il (labeled
A. Experimental Methodology “Total”) report the number of sampled page references in
We conducted all experiments on a Tile Processor runningach benchmark’s profiling run that are destined to the
the Linux operating system from the Tilera MDE version heap and static data memory regions, respectively. Thes dat
2.1. To drive our study, we use the entire SPLASH2 benchshows that across our benchmarks, heap objects receive more
mark suite [16] except for volrend. We usedl e- cc (the =~ memory references than objects in the static data region,
Tile Processor’s C compiler) to compile the benchmarks with



Total Baseline Optimized Potential
H H Heap | Static H Heap | Static | % Total H Heap | Static | % Total H Heap | Static H
FFT 5376 8387 289 536 6.0% 5372 536 42.9% 5376 0
Barnes 8197 | 11324 521 711 6.3% 521 7152 39.3% 246 6920
Cholesky 37361 6735 1890 389 5.2% 1907 389 5.2% 113 2
Radix 4299 79 276 5 6.4% 3404 5 77.9% 3425 15
LU 0 2 0 0 0% 0 0 0% 0 2
FMM 19667 123 1583 9 8.0% 1583 9 8.0% 19667 1
Ocean 90703 | 26030 5400 1387 5.8% 87857 1387 76.5% 88783 0
Water-NS 543 3211 22 190 5.6% 438 190 16.7% 543 0
Water-SP 415 0 1 0 0.2% 1 0 0.2% 415 0
Radiosity 4741 1824 430 68 7.6% 430 68 7.6% 192 259
Raytrace 30750 | 14580 1796 964 6.1% 1796 964 6.1% 5 0
Table I

NUMBER OF SAMPLED PAGE REFERENCES TO THE HEAP AND STATIC DATAEGIONS IN TOTAL, THAT ARE DESTINED TO LOCALL2 SLICES IN THE
BASELINE AND OPTIMIZED BENCHMARKS, AND THAT CAN BE POTENTIALLY OPTIMIZED.

but both types of objects are important. (One case withstatic data regions, respectively, that are referenceddy
anomalous behavior is LU which we will discuss shortly). more than half the core@.e., 16 cores) in the profiling runs.

The 4" and 3" columns of Table Il (labeled “Baseline”) Although some of these pages can still be “widely shared,”
report the number of sampled page references in the unoptive believe these sampled reference counts are a good
mized benchmarks that are destined to local L2 slices brokeestimate for the potential physical locality improvement.
down into heap and static data references, respectively. Comparing the “Potential” and “Optimized” results in
The 6" column of Table Il reports the percentage of theTable I, we see our optimizations capture most of the
total sampled references that these baseline local refesen physical locality in the SPLASH2 benchmarkgs; many
representie. (% Total) paseline = (’L(I;“e’;;igt;fjg;l; X of the optimized heap and static data counts are close to
100. This data shows the unoptimized benchmarks exhibithe corresponding potential heap and static data coumts. (I
poor physical locality. Only 5%—-8% of all DSC referencessome cases, the optimized counts are actually larger than
are to local L2 slices. In other words, more than 90%the potential counts. These are due to references destined
of DSC references must traverse the on-chip network tdo local L2 slices for pages shared by more than half
communicate with a remote L2 slice. This makes sens¢he machine.) The greatest missed potential is in FMM
because page homing in the unoptimized benchmarks ishere there are a large number of heap references none of
essentially randomized across the Tile Processor's DSC. which are optimized. There is also some missed potential in

The 7" and 8" columns of Table Il (labeled “Opti- Water-SP. But overall, our homing optimizations are fairly
mized”) report the number of sampled page references ikomprehensive.
the optimized benchmarks that are destined to local L2 These results suggest that for our optimizations to do
slices broken down into heap and static data referencesubstantially better, we must create more opportunities fo
respectively. The @ column of Table Il reports the per- homing. Comparing the last two columns against tfié 2
centage of the total sampled references that these optind 3¢ columns of Table Il, we see there is a significant
mized local references represerg—~% Total)optimized = discrepancy between the potential and total sampled refer-
(Ij((il}z:?asif;i;thd x 100. As this data shows, our page €nce counts, especially for pages in the static data region.
homing optimizations improve physical locality for 5 bench This implies there are a large number of references to pages
marks: FFT, Barnes, Radix, Ocean, and Water-NS. In thesghared by most of the machine. Upon closer examination,
benchmarks, 39.3%—77.9% of DSC references are to locave found a major reason for this is false sharing induced
L2 slices, a 6-12X increase over the baseline. For the redy the Tile Processor’s large page size, 64 KB. We believe
maining 6 benchmarks, our homing optimizations do not findour optimizations can become more effective if page size
many pages to optimizé.¢. that are referenced primarily is reduced. For pages with false sharing, a smaller page
by a single core), so the number of localized DSC reference§ize can create more pages with low-degree sharing that our
does not change compared to the baseline. optimizations can exploit.

The remaining columns in Table I provide insight into ~ Finally, Table II shows LU cannot be optimized because
how much of the potential physical locality in our bench- it does not exhibit any sampled references. This is due to
marks we actually exploit. Since our homing optimizationthe fact that LU performs function calls very frequentlyeTh
must place each page on a specific tile, it is only effectivecalls are so frequent that the interrupt handler skid after a
for pages that are referenced by a small number of coresemote-read event almost always straddles a function call
In particular, pages that are shared by most/all of the coreé-€. all interrupts sample the called code). Unfortunately,
in the machine are unlikely to yield any benefit. Thé”0 our current binary analysis tool cannot analyze across-func
and 11" columns of Table ”. (Iabeled “Pote_nnal”) report 4In fact, the Tile Processor's TLBs can support smaller pabas the
the number of samples destined to pages in the heap angrent 0S doesn't exploit this hardware feature.




tions, so we fail to identify any of the event-triggeringdisa [12]
in LU. We verified by hand that LU does indeed present
significant opportunities for our homing optimizations. In

. .. [13]
the future, we plan to support inter-procedure analysis |r{
our binary analysis to handle cases like LU.

V. CONCLUSIONS [14]

This paper describes our experience with page-level hom-
ing optimizations on a real system, Tilera’s Tile Processor
running a Linux OS. We show hardware PMCs can be use
to acquire page-level access pattern profiles. Moreover, we
show that binary analysis can be used to correct for intérrup
skid—due to imprecise PMC interrupts—to pinpoint indixatu
memory operations incurring remote-core references ant®l
sample their access patterns. We find our page homing opti-
mizations driven by our access pattern profiles can improve
physical locality for 5 out of 11 SPLASH2 benchmarks, [17]
enabling 39.3%—-77.9% of DSC references to target the locdl8]
L2 slice. In addition, we find our homing optimizations
already exploit most of the potential physical locality et
SPLASH2 benchmarks. Significant improvements can only
come by creating more opportunities for homing, perhaps by
addressing false sharing via smaller virtual memory pages.

(19]
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