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ABSTRACT

In an intelligent memory architecture, the main memory of
a computer is enhancedwith many simple processors. The
result is a highly-parallel, heterogeneousmachine that is able
to exploit computation in the main memory. While sewral
instantiations of this architecture have been proposed, the
question of how to e ectiv ely program them with little e ort
has remained a major challenge.

In this paper, we show how to e ectiv ely hand-program an
intelligent memory architecture at a high level and with very
modeste ort. WeuseFlexRAM asa protot ype architecture.
To program it, we proposea family of high-level compiler di-
rectives inspired by OpenMP called CFlex. Such directives
enable the processorsin memory to execute the program in
cooperation with the main processor. In addition, we pro-
poselibraries of highly-optimized functions called Intel ligent
Memory Operations (IMOs) . These functions program the
processorsin memory through CFlex, but make them com-
pletely transparent to the programmer. Simulation results
show that, with CFlex and IMOs, a server with 64 simple
processorsin memory runs on average 10 times faster than
a convertional server. Moreover, a set of conventional pro-
grams with 240 lines on averageare transformed into CFlex
parallel form with only 7 CFlex directivesand 2 additional
statements on average.
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1. INTRODUCTION

The integration of processorsand main memory in the
samechip is a promising approach to addressthe processor-
memory communication bottleneck [6, 10, 11, 12, 13, 15,
19, 20]. In these chips, processorsenjoy short-latency and
high-bandwidth communication with memory. One way to
use these chips is as intelligent memories that replace all
or some of the standard main-memory chips in a server or
workstation. This is the approach followed by the Active
Pages[15], FlexRAM [10], and DIV A [6] intelligent memory
systems.

This use of processor-memorychips asintelligent memory
is very appealing becauseit requires relativ ely few changes
to general-purposecomputers, and it supports the execution
of applications without modi cations. Indeed, applications
could be gradually modi ed or compilers gradually improved
to take advantage of intelligent memory capabilities.

Unfortunately , the question of how to e ectiv ely program
these machines with little e ort hasremained a major chal-
lenge. There are some proposals where the programmer
identi es and isolates the code sectionsto run on the pro-
cessorsin memory [6, 10, 15]. However, these proposalstyp-
ically require low-level programming. Indeed, the program-
mer is expectedto directly managelow-level operations such
as communication via messages,cache managemen, data
layout, or computation and data collocation. As a result,
programming these machines is often signi cantly harder
than conventional machines.

An alternativ e approach has beento use a compiler that
automatically partitions the code into loops and other sec-
tions and then sdedules each section on the appropriate
processor[2, 17]. However, this approach has only been



tried for simple codes or for simple architectures; it has not
been shown for a general heterogeneoussystem with many
memory processorsand a main processor. Moreover, it is
well known that compilers fail to parallelize a wide range of
programs.

In this paper, we presert a set of compiler directivesand
necessaryoperating and run-time system support to hand-
program an intelligent memory architecture at a high level
and with very modest e ort. The resulting applications are
also well-tuned and easy to understand and modify. Our
proposal is based on CFlex, a family of high-level compiler
directives resenbling those of OpenMP [14]. The CFlex en-
vironment givesthe programmer high-level control over the
assignmen of computation to the main and memory pro-
cessors,the layout of the data, and the synchronization be-
tween processorsin a single-addressspace. By exposing the
high-level architecture to the programmer, it unlocks the
performance potential of the system. Moreover, the use of
directivesmakesthe programs easyto migrate to other plat-
forms.

Applications canalsoprot from intelligent memory with-
out the programmer having to be concerned with the ar-
chitecture organization. This is possible with libraries of
highly-optimized functions called Intel ligent Memory Oper-
ations (IMOs) . These functions program the processorsin
memory using CFlex, but make them transparent to the
programmer.

Our discussion and evaluation of CFlex and IMOs are
made in the context of FlexRAM [10]. Our simulation re-
sults show that, with CFlex and IMOs, a server with 64
simple processorsin memory runs on average 10 times faster
than a conventional server. Moreover, a set of conventional
programs with 240 lines on average are transformed into
CFlex parallel form with only 7 CFlex directivesand 2 ad-
ditional statements on average.

The rest of this paper is organized as follows: Section 2
outlines FlexRAM; Section 3 describes the operating and
run-time system support; Section 4 describes CFlex; Sec-
tion 5 preserts IMO libraries; Section 6 discusseshow CFlex
can be applied to other intelligent memory architectures;
Section 7 preserts the environment that we useto evaluate
CFlex and IMOs; Section 8 preserts the evaluation; Sec-
tion 9 discussesrelated work; and Section 10 concludes.

2. FLEXRAM ARCHITECTURE

A FlexRAM systemis an o -the-shelf workstation or server
where some of the DRAM chips in the main memory are
replaced by FlexRAM processor-memory chips [10]. Each
FlexRAM chip contains DRAM memory plus many simple,
general-purposeprocessingelemerts called PArrays. To the
main processorof the system, which we call PHost, the re-
sulting memory system appears as a versatile accelerator
that can o-load memory-intensive or highly-parallel com-
putation. While the machine can have multiple PHosts, in
this paper we consider a single PHost system. Each PArray
can be programmed independertly and, therefore, PArrays
can execute MIMD code. PHost and all PArrays share a
single address space. Finally, if the PHost runs legacy ap-
plications, the memory system appears as plain memory. A
FlexRAM system is shown in Figure 1.

The architectural parameters of a FIexRAM chip have
beenupgraded from [10]; the new parameters are described
in [22]. In this upgraded design, each FlexRAM chip has 64
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Figure 1. A FlexRAM intelligentmemorysystem.

PArrays, a FlexRAM chip controller (FXCC) that interfaces
the PArrays to the PHost, and 64 Mbytes of DRAM orga-
nized in 64 banks. Each PArray has an 8-Kbyte write-back
data cache and a 2-Kbyte instruction cache (Figure 2). A
FlexRAM chip hasa 2-D torus that connectsall the on-chip
PArrays. Moreover, all the FlexRAM chips are connectedto
a communication bus called the FlexRAM bus. With these
links, a PArray can accessany of the memory banks in its
chip and in other FlexRAM chips.
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Figure 2. Structureof a PArray anda memorybankinside
aFlexRAM chip.

PArrays usevirtual addressesin the virtual addressspace
of the application run by the PHost. Each PArray has a
small TLB that contains someentries from the PHost's page
table. PArrays serve their own TLB misses. However, they
invoke the PHost OS for page faults and migrations.

2.1 InterprocessorCommunication

Sincethe memory system interconnect of a FlexRAM ma-
chine is o -the-shelf, FlexRAM chips cannot be masters of
it. As a result, any communication between PArrays and
PHost hasto be done in one of two ways: through memory
or via memory-mapped registers in the FXCCs. Memory
communication involves writing and reading a memory lo-
cation, and is typically used to passthe input arguments
and outputs of the tasks executed on the PArrays. FXCC
register communication involveswriting and reading special
registers in the FXCCs, and is used for commands and ser-



vice requests. We consider FXCC register communication
next.

The PHost communicates with the PArraysto spawn tasks
on them, answer servicerequests,and order maintenance op-
erations such as ushing caced pagesor invalidating TLB
entries. In all cases,the PHost issuesa command to an
FXCC register and passestwo words, nhamely the addressof
the routine to execute and a pointer to the input argument
buer. The FXCC stores this information and passesit to
the corresponding PArray(s).

A PArray communicates with the PHost to request a ser-
vice, such as the handling of a page fault. In this case,
the PArray writes to a register in its FXCC. The FXCC
cannot deliver this requestto the PHost becauseFlexRAM
chips cannot be masters of the memory system interconnect.
Consequerily, the PHost hasto periodically poll the FXCCs
to check for requests.

2.2 Synchronization

Each FXCC managesa set of locks that can be acquired
and releasedby the PHost and by the on- and o -c hip PAr-
rays. Upon a request for a free lock, the FXCC where the
lock resides grants ownership to the requester. If the lock
is currently taken, the FXCC is able to queue up a cer-
tain number of requests, and reply to each of them when it
can grant ownership. If the number of requesters exceeds
a certain threshold, the FXCC replies back with a \busy"
message.

2.3 Data Coherence

A FlexRAM system lacks hardware support for cache co-
herencebetweenthe PHost and PArrays. Data coherenceis
maintained by explicit (total or partial) cache writeback and
invalidation commands [17]. Speci cally, before the PHost
initiates a PArray task, it writes back the dirty lines in its
cadhes that contain data that may be read by the PArray
task. This ensuresthat the PArray seesthe correct ver-
sion of the data. Moreover, before the PHost executescode
that may use results from a task executed by a PArray, the
PHost invalidates from its cadhes the lines with data that
may have been updated by the PArray. This ensuresthat
the PHost does not use stale data. As for a PArray, when
it completes a task, it writes back its dirty cache lines and
invalidates its small cache. The PArray cacdes also include
a dirty bit per word, sothat only the modied words actu-
ally update memory. This is done to tolerate false sharing
between PArrays.

3. OPERATING & RUN-TIME SYSTEM

To usethe FlexRAM system, we need seweral extensions
to the OS of the PHost and a small per-PArray kernel. In
general, the PHost OS is in charge of all the /O opera-
tions, PHost CPU scheduling, and virtual memory manage-
ment. The PArray kernel managesthe PArray's TLB, and
the spawn and termination of local tasks. In addition, we
wrote a library-based user-level run-time system for both
PHost and PArrays that improves the programmability of
the machine. In the following, we describe the managemert
of virtual memory and the user-level run-time system.

3.1 Managing Virtual Memory

PHost and PArrays share a common view of the address
space of the tasks that cooperate in the execution of an

application. The PArray kernel reads the page table of the
processand updatesits local TLB. However, only the PHost
OS can update the page table, perform page swapping, or
migrate pages.

To maximize accesslocality, the PHost OS tries to map
the virtual pagesthat a PArray references,to physical pages
located in the PArray's local memory bank. Currently, we
support this approach with a \rst-touc h" mapping policy,
where the rst PArray to referencea given page becomesits
owner and allocates it locally.

The PHost OS cooperateswith the PArray kernelsto keep
the PArray TLBs coherert when the page table changes.
Speci cally, there is a shared software structure that con-
tains, for each page mapping, the list of PArrays that cache
it in their TLBs. This structure is updated by the PArray
kernels as they update their TLBs. Before the PHost OS
moves a page to disk, it informs all the PArrays that cace
the mapping of that pagein their TLBs. Then, the corre-
sponding kernelsinvalidate that TLB entry and the relevant
cadhe lines. The structure described is alsousedin other sit-
uations when the PHost OS modi es the pagetable, such as
when it migrates pages.

3.2 UserLevel Run-Time System

The PHost and PArray user-lewvel run-time system per-
forms task managemen, synchronization, heap memory man-
agemen, and polling. We consider these functions in turn.

Tasksare spavned by the user-level run-time system. Each
task has an assaiated software bu er that contains the task
input data that is not shared and, sometimes, the results of
the task. The former includes private copies of global vari-
ablesthat the task needs;the latter is not necessaryif all the
results are stored in shared memory structures. To start a
task in a PArray, the PHost run-time system lls the inputs
in this bu er and then sendsa spavn messageto the FXCC
of the FlexRAM chip where the task is to run. The PHost
can then use the run-time system to spin on a location in
the buer that the PArray task will set when it nishes.
PArrays cannot spawn tasks.

The run-time system also includes synchronization rou-
tines that use the FXCC locks, often building higher-level
constructs such as barriers.

The run-time system also performs heap memory man-
agemen, including parallel allocation and deallocation of
heap spaceby the PArray tasks. Standard malloc and free
functions are used, both in the PHost and PArrays. Those
in the PArrays operate on local pagesof the heap that the
PHost run-time system has allocated, assignedto that par-
ticular PArray, and requestedthat the OS map them in that
particular PArray's local memory bank. When the PArray
task runs out of local heap, it asks for more to the PHost
run-time system.

Finally, another function of the run-time system in the
PHost is to poll the FXCCs to detect PArray requests.

Note that the run-time system exports its functions and
variables not only to the compiler but alsoto the program-
mer. The complete description of its interface is found in [5].

4. CFLEX

To exploit the functionalit y of FlexRAM while keeping
the portabilit y of the programs, we program the FlexRAM
system using a family of compiler directiv es. Our computa-
tional model requires these directivesto be able to express



the task partitioning betweenthe PHost and the PArrays,
and the synchronization betweenthe generatedtasks. Other
desirable properties are scalability as the number of pro-
cessorsavailable in memory increases,and hiding as much
system details as possible from the programmer. It is also
important that the directives be powerful and exible, so
that they allow the generation of parallel programs that are
easyto read and modify for a wide classof problems.

The last objectiveis essetial for our environment because
of the nature of the applications that are most suitable for
our kind of architecture. Speci cally , the PArrays are much
simpler than the PHost, have a lower clock rate, and lack
oating-p oint units. This meansthat they are not partic-
ularly well suited to speed up typical parallel applications
based on oating-p oint operations and loops that use reg-
ular, cache-friendly data structures. Instead, the PArrays'
most valuable property is their low memory accesstime,
which allows them to accelerateirregular, memory-intensive
applications. This is an interesting challenge for the design
of our family of directives. Indeed, currently available par-
allelization directiv es such as OpenMP [14] or HPF [8] are
especially oriented to loop-parallel codes, and are not well
suited for irregular applications like those using pointers or
indirect accesses.

CFlex is a family of directives that addressesthese is-
sues. The structure of CFlex directives is similar to that
of OpenMP directives. We implemented CFlex as annota-
tions to the C language, and use C in the discussionbelow.
However, CFlex can be easily usedwith other languageslike
FORTRAN.

The general structure of a CFlex directiveis

#ipragma FlexRAM  directive-type [clauses]

CFlex directivesmay be classi ed in three groups:

Execution modi ers indicate how a given segmen of
code should be executed. These are the most widely
used directiv es. They include the requeststo spavn a
given portion of the program for execution on a given
processoror group of processors.

Data modi ers requestthat data structures satisfy cer-
tain conditions. An example are directivesto pad one
of the dimensions of an array to make its size a multi-
ple of the page size.

Executable directives are instructions that must be ex-
ecuted by the parallel program. Examples of this class
include barriers or prefetch operations.

In the following, we brie y discussthe three kinds of direc-
tivesand then show someexamplesof their use. A complete
description of CFlex can be found in [5].

4.1 ExecutionModi ers

These directiv es partition the computation into PHost
and PArray tasks, and synchronize tasks. The most im-
portant execution modi er directiv esare phost and parray ,
which specify the kind of processorwhere the statements
that immediately follow them should be executed. Since
PArrays cannot spavn new tasks, these directives may only
appear in the code executed by the PHost, and they will
spawn either a new PHost task or a PArray task. A series
of optional clausesenrich the semartics of the directiv e:

on_homef) species that the task should be executed
on the PArray whoselocal memory bank contains the x
data structure. If the directive-type is phost, then this
clause only has e ect when the target computer is a
NUMA machine. In this case,it species that the new
task should be run on the PHost whoselocal memory
contains Xx.

sync/ async speci es whether the task spawning the
new task must stop until the new task nishes (sync)
or it cancortin ue (async). The default is sync. A task
doesnot nish until all the tasks that it has spavned
have nished. CFlex only allows the creation of asyn-
chronous tasks inside the syntactical scope of a syn-
chronous task. The end of a sync task T can there-
fore be used as a synchronization point of all the tasks
spawned inside T. This approach is powerful, exible,
and simple aswill beillustrated in Section 4.4.

if( cond) controls the execution of the directiv e where
it appears. The directive is executed only if cond is
true.

else also controls the execution of a directive. The
directiv e is executed if the cond in the if clausein
the immediately preceding directiv e is false. Note that
execution modi ers cannot be nestedfor the very same
pieceof code. Therefore, there is no needto implement
symmetric conditionals.

shared, private , lastprivate , firstprivate , reduc-
tion have the same semartics as the directiv es of the
samenamein OpenMP. In contrast to OpenMP, CFlex
allows them to apply to only one part of a structure,
such asone eld of a struct or one elemert of a vector.

flush speci es variables such that, if their correspond-
ing lines are dirty in the PHost cache, the lines are
written back to memory. This is done sothat the PAr-
ray(s) executing the task(s) have accessto the latest
version of the data they require in memory. If the task
is to run on a PArray and this clauseis not presen, the
compiler writes back to memory all the dirty lines in
the PHost cache. The programmer can usethis clause
to restrict the writeback to a certain set of variables.

Note that the ability to spavn new PHost tasks allows
CFlex to expressparallelism in systemswithout processing
in memory. In this case, the on_homeclause is useful to
control locality of execution when the PHosts belong to a
NUMA machine.

A migrate clausecould beaddedin the future to designate
shared data structures whose pages should migrate to the
rst PArray or PHost that touches them after the task(s)
created by this directive begin their execution. However,
page migration can be very costly.

A third execution modi er is critical , which declaresa
code segmert as a critical section with a given name. All
the critical sections with the same name are mutually ex-
clusive. This is accomplished through the use of the same
FXCC lock for all of them. This directiv e can take the sin-
gle optional clause flushinval that species the variables
that may be written within the critical section, or read in
the critical section and written somewhereelse. In this case,
the cadche lines with such variables are written back from the



processor'scadce (if dirty) and invalidated before entering
the critical section. This forces the processorto read the
latest version of the variables in the critical section. More-
over, these cache lines are written back to memory (if dirty)
when the processorexits the section. This enablesthe next
processorthat will enter the critical section to accessthe
new version of the variables. If the flushinval clause is
not presert, the operations described are performed on the
whole cadhe.

4.2 DataModiers

We proposethree directiv es of this kind, namely aligna-
ble, page_aligned , and align . The rst two directivescan
precedethe declaration of a C struct or union and instruct
the compiler to pad the data structure to align it. Speci -
cally, the alignable directiv e increasesthe size of the data
structure until it becomesa power of two; the page_aligned
directiv e increasesthe sizeuntil it becomesa multiple of the
pagesize. Finally, the align( array_name[][] ...) directive
aligns a dimension of the array array_name to a pagebound-
ary. The dimension is speci ed by the number of square-
bracket pairs in the directiv e.

4.3 ExecutableDirectives

CFlex has sewral executable directives that perform a
variety of functions. As an example, the barrier directive
implements a barrier for n processorsusing FXCC locks.
As another example, the flush directiv e speci es a seriesof
variables to write back to memory if the corresponding lines
are dirty in the cacdhe of the processor. This directiv e takes
the optional invalidate clause, which additionally causes
these lines (or a subset of them) to be invalidated after the
potential writeback.

4.4 Examples

To gain more insight into the CFlex directives, we now
show seweral simple examples of their use. A rst example
involves traversing a linked list and performing some pro-
cessingon ead of its nodesin parallel (Figure 3). The rst
directive in the gure generatesa synchronous (sync) task
in the PHost that will executea whole loop. Note that gen-
erating a synchronous task in the same processor has no
overhead. The purp oseof this directiv e is simply to provide
a context for synchronization of the tasks that are spawned
by ead iteration the loop. Each one of these tasks executes
on the PArray whoselocal memory bank contains p->data .

#pragma FlexRAM phost sync
for(p = head; p != NULL; p = p->next)
#pragma FlexRAMparray async on_home(*(p->data)) \
firstprivate(p)

process(p->data);

Figure 3. Parallelizedinked-listprocessingisingthesync
andasync clauses.

Each one of these asynchronous tasks receivesa priv atized
copy of the value of pointer p for the corresponding itera-
tion, and processesa node from the list. Since these tasks
are asyndironous, the PHost task continues to iterate the
loop and spawn tasks until it reaches the end of the loop.
Then, the synchronous task waits for all of the asynchronous
(async) tasks to complete. When they do, the synchronous
task nally completes.

In this example, we have illustrated the general scheme
usedto parallelize a loop: declare the loop asa synchronous
task and ead of its iterations asan asynchronous one. Since
loops are the most common source of parallelism, we have
extended CFlex with a pfor clause that tells the compiler
to break the loop following it into a seriesof asynchronous
tasks and wait for their completion before contin uing. Thus,
the previous loop can be re-written using a pfor clause as
shown in Figure 4. Note that although OpenMP is largely
designedfor loop parallelism, a parallel version of this loop
in OpenMP would require the use of the ordered clause
and/or a rearrangemert of the code, which would be less
readable and e cien t.

#pragma FlexRAMparray pfor on_home(*(p->data)) \
firstprivate(p)
for(p = head; p != NULL; p = p->next)
process(p->data);

Figure 4. Parallelizedinked-listprocessingisingthepfor
clause.

A more complex parallelization scheme is required when
there are portions of code that must berun sometimesin the
PHost and sometimesin the PArrays. An example is shovn
in Figure 5. The example implements the routine that allo-
cates the tree in the TreeAdd application from the Olden
suite [16]. The routine allocates a binary tree of height
level . Our parallelization strategy selectsa level cutlevel
The nodesbelow that level are allocated by the PArrays and
the nodesin that level and up to the root (highest level) are
allocated by the PHost. Recall that the runtime system al-
lows the PArrays to allocate and deallocate heap memory in
parallel (Section 3.2).

tree_t *TreeAlloc (int level) {
if (level == 0) return NULL;
else {

struct tree *new, *right, *left;

new = (struct tree *) malloc(sizeof(tree_t));
#pragma FlexRAMphost if (level >= cutlevel)

{
#pragma FlexRAMparray async if (level

== cutlevel)
#pragma FlexRAMphost async else
left = TreeAlloc(level-1);
#pragma FlexRAMparray async if (level == cutlevel)

right=TreeAlloc(level-1 );
}
new->val = 1;
new->left = (struct tree *) left;
new->right = (struct tree *) right;
return new;

Figure 5. Parallelizedtreeallocation.

The tree is allocated top down starting at the root. As
long as the level == cutlevel condition is not satis ed,
TreeAlloc is called by the PHost. Under these conditions,
however, the PHost spawns a new task on the PHost to build
the left subtree of each node. We follow the approach of cre-
ating multiple PHost tasks to avoid modifying the original
code. When cutlevel is reached, both the left and right
subtree allocation tasks are run on PArrays. Note that a



single PArray task allocates a whole subtree. This is be-
causePArrays ignore the phost and parray directiv es, since
they cannot spavn new tasks. With this support, a whole
subtree is allocated in a local memory bank. The resulting
partitioning of the work is shown in Figure 6. In the gure,
the dashed lines represert the spawvn of a new task on the
PHost. If there is not enough spacein a memory bank to
keepa whole subtree, somepagesare allocated from another
bank, and the PArray accesseshem remotely. To avoid
these remote accessesit is better to choosea cutlevel that
guarantees that a subtree built by a PArray ts in its local
memory bank.

cutlevel

PArray0 PArrayl PArray2 PArray3
Figure 6. Partition of the work betweenthe PHost(level

cutlevel andabove)andthePArraysforthecodein Figure5b.

This work-partitioning strategy may be applied to any
parallel processing of tree data structures. For example,
the second step of the TreeAdd application is a reduction
that adds the values stored in all the nodes of the tree; we
have parallelized it in the sameway as the allocation. As
an additional optimization, the task that adds the valuesin
a subtree built by a PArray is spawned using the on_home
clauseto ensurethat the reduction is performed by the PAr-
ray that owns the subtree. This approach exploits locality.

Our compiler generatestwo versionsof the routine in Fig-
ure 5, one for the PHost and one for the PArrays. While
the PHost version includes the code assaiated with the di-
rectives, the PArray version does not. The reason is that
PArrays cannot create new tasks, so these directivesdo not
apply. Recall also that PHost and PArrays have dierent
ISAs. Consequerly, the back-end compiler hasto generate
two versions anyway, even if the high-level code is exactly
the samefor both kinds of processors.

Finally, we consider an example where seeral data struc-
tures need to be processedtogether. In this case, while
we can use the on_homeclause to ensure that accessesto
one data structure are local, the accessego the other data
structures may end up being remote. To addressthis prob-
lem, we could use a migrate clauseto migrate the pagesof
the remote data structures, but the overhead could be high.
Instead, an approach that often works is to make use of
the rst-touc h page-placemen policy of our OS. With this
support, we may implicitly align at the page level the data
structures that are used together throughout the code.

As an example, Figure 7 shows two loops in the Swim
application from the SPEC OMP2001 suite. In the gure
we use the FORTRAN form of the CFlex directives. The
rst loop is from the INITAL routine and contains the rst
accessesin the program to vectors UOLDVOLDand POLD
The on_homeclause forcesiteration J to be executed by the
PArray that holds elemert (1,J) of matrix U This PArray
is alsothe rst processorin the systemto accesscolumn J of
UOLDVOLDand POLDAs a result of our rst-touc h policy,

the OS placesthe pagesthat contain such columns in the
local memory bank of the same PArray. The same strategy
was used in previous loops to place the pages containing
the columns of matrices U V, and P. If the column sizesare
(or can be made) such that the columns can be aligned to
pageboundaries, and eath matrix starts at a pageboundary,
then all the accesseén the code end up being local. Figure 8
shows the resulting data layout assumingthat eac memory
bank ends up allocating 8 columns from every matrix. In
the gure, ead box inside a memory bank represerts a page-
aligned chunk of memory that extends over seweral pages.

C$FlexRAMparray pfor on_home(U(1,J)) private(l)

DOJ=1, NP1
DOI=1, MP1
uoLD(1,d) = U(l,J)
vOLD(1,J) = V(1,J)
POLD(I,J) = P(1,J)
ENDDO
ENDDO

C$FlexRAMparray pfor on_home(U(1,J)) private(l)

DOJ=1,N
DOI=1,M
UOLD(,J) = U(l,d) + ALPHA* ...
VOLD(,J) = V(,J) + ALPHA* ...
POLD(,J) = P(1,J) + ALPHA* ...

U@,Jd) = UNEW(I,J)
V(,3) = VNEW(1,J)
P(1,J) = PNEW(,J)
ENDDO
ENDDO

Figure 7. Alignmentof datastructureausingthe on_home
clauseandthe rst-touch page-placemenmgolicy.

PArray 0 bank PArray 1 bank PArray n bank
\ U(,1:8) Il ] uc9i1e) |
V(;,1:8) V(;,9:16)
\ P(,1:8) Il P(.9:16) |
[ vowbeis) || |[ uoLD(9:16) ]
‘ VOLD(;,1:8) ‘ ‘ VOLD(:,9:16) ‘
[ powpg1s) || |[ PoLD(.9:16) |

Figure 8. Alignmentof the matrix columnsfrom the rst

loopin Figure?. Inthe gure, eachboxinsideamemorybank
representapage-aligned¢hunkof memorythatextendsover
severalpages.

When related data structures are referenced later in the
code, we have to distribute the corresponding loop among
the PArrays following the samepolicy. This is illustrated in
the secondloop of Figure 7, taken from the CALC3outine.

Overall, note that none of the examplesin this section re-
quired adding or modifying any line of the original sequerial
code. All the parallelization semartics have been expressed
by meansof compiler directiv es. This is fairly typical of the
codesthat we have parallelized using CFlex.

5. INTELLIGENT MEMORY OPERATIONS

The family of compiler directiv espreserted in the previous
section enablesthe parallelization of a large set of codesand



( Function Description |

Abstract Expression |

Syntax [

Apply func f with arg a

exec f(v(i),a)

,0 i<N Vector _apply(v,f,a)

Search element that fullls

ret any v(i) such that

Vector _search(v,f,a)

condition f with arg a f(v(),a) 6 0,0 i< N
Generate vector with the result v2(i) =f(v(i),a) v2=Vector _map(v,f,a)
of applying func f with arg a 0 i<N

Reduce vector applying func f,
whose neutral element is a

ret f(...f(f(a,v(0)),v(1)). )
where f(a,x)=x

Vector _reduce(v,f,a)

Pro cesstogether two vectors and
an arg a, generating a new vector 0

va() = f().v2().a)

v3=Vector _map2(v,v2,f,a)
i<N

Table 1. Examplesof IMOs for vectorcontainers.

the exploitation of locality while hiding many of the system
details from the programmer. However, to develop e cien t
programs, the programmer must be aware of the existence
of the FlexRAM chips and must decide how to partition and
coordinate the work betweenthe PHost and the PArrays.

All these details can be hidden and performance can be
improved with the use of library routines. Specically, we
propose the use of a library of Intelligent Memory Opera-
tions (IMOs). IMOs are encapsulated operations that make
use of the PArrays. IMOs perform common operations on
data structures that are often usedin programs.

Simple examples of IMOs are nding the minimum value
in a vector of numbers or adding two matrices. Other, more
structured examples of IMOs are STL classes[18]. Such
IMOs may de ne and operate on containers such as vec-
tors, lists, hash tables, or sets. They may make use of the
intelligent memory to perform parallel allocations and deal-
locations, seardes, insertions, retrievals, and other compu-
tations on the elemerts in the containers. Some examples
of IMOs for vector containers are proposedin Table 1.

To make code containing IMO calls portable to conven-
tional machines, IMO libraries implement two versionsof the
functions provided to the programmer: oneto be usedwhen
no FlexRAM chips are detected in the system, and another
one programmed in CFlex that exploits the capabilities of
the FlexRAM chips. Both versions should be highly opti-
mized and completely hide from the programmer issuessuch
as task partitioning, scheduling, and synchronization.

6. OTHER ARCHITECTURES

There are other architectures that, like FlexRAM, have
many simple processordn main memory that cooperate with
the main processor. Examples of such architectures are Ac-
tive Pages[15] and DIV A [6]. For thesearchitectures, CFlex
and IMOs can provide appropriate programming support.

CFlex provides a solution to the computational issuesin-
volved in the programming of Activ e Pages[15]. These is-
suesare: partitioning betweenprocessorand memory, coor-
dination, computational scalingwith the number of memory
processorsand their assaiated memory, and data manipu-
lation. The last issue is particularly related to the use of
IMOs. In fact, [15]illustrates the advantagesof Activ e Pages
for data manipulation using an implementation of the STL
array classthat exploits Activ e Page functions, very much
in the line of our IMOs.

DIV A [6] can also be programmed using explicitly-parallel
programming languagesthat permit someprogrammer con-
trol of locality, asis the casefor CFlex. Besides,like Flex-
RAM, DIV A alsoneedssupport from the language/compiler
to keepthe host cache coherert with the memory processors

using write-backs and invalidations, although the processors
in memory lack data cache.

However, there are di erences that seemto make Activ e
Pagesand DIV A more sensitive than FlexRAM to the data
placemert. Thus, extensions of CFlex to specify placemert
and alignment of data structures would be very useful for
both architectures when the implicit alignment usedin this
paper is not enough. In the caseof Activ e Pages,the prob-
lem is that all the communications betweenthe memory pro-
cessorsare serialized through the PHost. As a result, the
PHost may becomea bottleneck when poor data placemert
results in many non-local accesses.

In DIV A, the exchange of data between memory chips re-
quires the use of messagescalled parcels. Passing a parcel
involves software processingby either user- or supervisor-
level code at both ends [7], which makesit slower than the
hardware approach followed by FlexRAM. Consequerily, it
would also be important for a CFlex programmer to max-
imize locality. Moreover, a CFlex compiler may improve
performance by inserting e cien t code required to manage
the messagepassingwhen the communication betweentasks
is regular enough. If this is not the case,an implicit mecha-
nism such as an interrupt with its service routine, could be
provided by the run-time system to request non-local data
ead time that it is needed.

7. EVALUATION ENVIRONMENT

For our evaluation, we use an execution-driv en simulation
infrastructure that can model aggressie out-of-order super-
scalar processorsand complete memory subsystems.

7.1 Architecture Modeled

Our baseline architecture is a workstation with a high-
performance 1.6 GHz v e-issue PHost processorsimilar to
IBM's Power4 [3]. The performance of this workstation is
compared to that of two upgraded versions of it: one where
the plain main memory is replaced by a single FlexRAM
chip, and one where it is replaced by two FlexRAM chips.

The main architectural parameters of the system modeled
are shown in Table 2. In the table, the times for eac proces-
sor are measured in terms of that processor'scycles. Note
that the PHost is very powerful, hasa large L2 cade, and is
able to sustain many simultaneous memory accessesConse-
quently, the baseline architecture is very aggressie. On the
other hand, recent advancesin merged logic-DRAM tech-
nology have enabled the integration of high-speedlogic with
high-density memory in the samechip [9]. Consequerily, we
have set the frequency of the PArrays to be 75% of that of
the PHost. Recall that each FlexRAM chip has 64 PArrays.
As shown in Table 2, these PArrays are much simpler than



the PHost. Specically, eath PArray has a single integer
adder and sharesan integer multiplier with 3 other PArrays.
Moreover, PArrays lack oating-p oint hardware, which they
emulate in software. We assumethat the latencies of emulat-
ing a oating-p oint add/subtract, multiply , and divide/sqrt
operation are 3, 10, and 80 cycles, respectively.

[[ PHost Processor | PHost Caches [ Bus & Memory
Freq: 1.6 GHz L1 Size: 32 KB Bus: Split Trans
Issue Width: 5 L1 OC,RT: 1,3 Bus Width: 8 B
Dyn lIssue: yes L1 Assoc: 2 Bus Freq: 400 MHz
I-Windo w Size: 64 | L1 Line: 128 B Mem RT: 180
Ld,St Units: 2,1 L1 MSHR: 16 (112.5 ns)
Int,FP Units: 5,4 L2 Size: 1 MB
Ld Queue: 32 L2 OC,RT: 4,12
St Queue: 32 L2 Assoc: 8
BR Penalty: 12 L2 Line: 128 B
TLB Entries: 128 | L2 MSHR: 8

[ PArray Processor | PArray Cache | FlexRAM Torus, Bus ||
Freq: 1.2 GHz L1 Size: 8 KB Avg Torus RT: 14
Issue Width: 2 L1 OC,RT: 1,2 Torus Freq: 1.2 GHz
Dyn Issue: no L1 Assoc: 2 Bus: Split Trans
Ld,St Units: 1,1 L1 Line: 32 B Bus Width: 8 B
Int,FP Units: 1,0 Blo cking Bus Freq: 400 MHz
Ld,St Queue: 2,2
BR Penalty: 6
TLB Entries: 32
PArrays/Chip: 64

Table 2. Parameterf the architecturemodeled. In the
table,BR, OC, RT, andMSHR standfor branch,occupany,

lateng of a roundtrip from the processqrand miss status
handling register respectiely. EachPArray hasa single
integer adderand sharesan integer multiplier with 3 other
PArrays.

We also simulate the parts of the OS and run-time sys-
tem that are most likely to be exercised. For the OS, this
includes building and keepinga two-level pagetable, allocat-
ing physical pages, mapping virtual pagesto physical ones,
maintaining the TLBs in both PHost and PArrays, and per-
forming task scheduling. As for the run-time system, we
model it completely, including task spawning, memory allo-
cation by both the PHost and PArrays, and periodic polls
and other accessedo synchronize PHost and PArrays. The
size of the pagesusedis 16 Kbytes.

7.2 Applications Used

To evaluate the programmability and performance of a
FlexRAM system using CFlex or IMOs, we select eight ap-
plications. These applications have a wide variety of char-
acteristics, which can help us discover which attributes are
most suitable for FlexRAM, and what problems arise in
FlexRAM programming. These applications have been an-
notated by hand with CFlex directives or with calls to an
IMO library that we created. We have also modied the
SUIF compiler [21] to accept CFlex pragmas and compile
the applications. The resulting executable le is passedto
our simulator infrastructure.

The IMO library contains operations to handle singly-
linked lists. It includes both STL-lik e operations such asin-
sertion, retrieval, or seard, and many high-level operations.
Examples of the latter include those in Table 1 applied to
link ed lists. Another example is to processwith a function

all the pairs of elemerts taken from two lists. The library
usesa linked list that is distributed acrossthe PArrays. It
makes extensive use of the run-time system functionalit y
that enablesPArrays to allocate and deallocate portions of
heap memory in parallel. All the operations are usedin our
applications. Overall, the library contains 714 lines of source
code, including the CFlex directiv es.

Table 3 lists the applications used. TSP and TreeAdd
are taken from the Olden suite of pointer-intensive sequen-
tial applications [16], Swim and Mgrid are from the SPEC
OMP2001 suite, Dmxdm and Spmxv are numerical kernels,
and Distance and Path were written from problem descrip-
tions in [4]. Distance and Path are coded with IMO library
calls, while the other applications use CFlex directiv es.

We use four axesto broadly classify the behavior of each
application. Speci cally, the accesspatterns may be irreg-
ular due to pointers (Ptr) or due indirections in the form
of subscripted indices (Ind), or regular (Reg). The compu-
tation may use mostly integer (Int) or oating-p oint (FP)
operations. When seweral data structures are involved in
the computation, we are able to align all of them (Yes), only
someof them (Part), or none of them (No). Finally, the typ-
ical number of instructions in the tasks sert to the PArrays
may be tens of thousands (Small), hundreds of thousands
(Med), or over one million (Large). The tasksin Mgrid have
a variety of sizes. Overall, we can seethat our applications
cover a wide variety of behaviors.

The table also lists the data set size of the applications,
and the averagelnstructions Per Cycle (IPC) of the applica-
tions running on the architecture without FlexRAM chips.

The last three columns of the table attempt to estimate
the e ort required to map the applications to the FlexRAM
system. From left to right, they list the original number
of lines of code, the number of CFlex directiv es inserted,
and the additional lines required to map the code to the
FlexRAM system. For the two applications coded with IMO
calls, the last two columns have a slightly di eren t meaning:
number of CFlex directivesin the IMO functions used, and
the static number of calls to IMO functions, respectively.
The original code size re ects the number of lines of the
applications without including the IMO library. Note that
rather than attempting to heavily modify the code in order
to exploit as much parallelism as possible, we have focused
on the simplicity of the mapping processby making as few
modi cations as possible, as the gures in the table show.
For example, the six applications with CFlex directiv esorig-
inally have 240lines of code on average,and are transformed
into CFlex parallel form with only 7 CFlex directivesand 2
additional statements on average.

7.2.1 DetailsonIndividual Applications

To help understand the mapping better, we now give some
details on individual applications. We start with TSP and
TreeAdd, which operate on trees built with pointers. Tree-
Add is parallelized and mapped as discussedin Section 4.4.
TSP follows a similar approach but has some di erences.
Speci cally , subtreesin TreeAdd are processedndependertly
by dierent PArrays, while the PHost performs the compu-
tation above a certain tree level. In TSP, instead, processing
a node of the tree requires accessingthe whole subtree be-
low the node. Thus, assigning the processingof the upper
levels of the tree to the PHost would leave much parallelism
unexploited. In our parallelization, we let PArrays work at



Applic. Coding Application Characteristics Data Set | Baseline | Original Number | Additional
Access | Data [ Align | Task Size | Size (MB) IPC Lines | Directiv es Lines
TSP CFlex Ptr FP - Large 22 0.85 485 12 5
TreeAdd || CFlex Ptr Int - Large 40 1.01 71 8 4
Swim CFlex Reg FP Yes Med 28 0.95 272 8 0
Mgrid CFlex Reg FP Yes Var 55 2.35 470 13 0
Dmxdm CFlex Reg FP Part Large 23 3.47 81 1 2
Spmxv CFlex Ind FP No Med 36 0.59 a7 1 0
Distance || IMOs Ptr Int - Large 1 2.04 108 17 7
Path IMOs Ptr Int - Small 13 0.33 165 17 9
Average 27.3 1.45 212.4 9.6 3.4

Table 3. Characteristicef theapplicationsused.

all levels of the tree and only reserwe the root for the Phost.
As the processing moves up the tree, there are fewer sub-
trees, which meansboth fewer active PArrays and that those
PArrays have to accessdata in more memory banks.

Swim and Mgrid usethe testinput data set. Their access
patterns are very regular and oating-p oint operations dom-
inate the computation. We exploit the vast loop-level par-
allelism in these applications by simply replacing the orig-
inal OpenMP directiv es by the corresponding CFlex ones.
Note that, although the data set size of Swim usesabout
28 Mbytes, its memory footprint is larger than 64 Mbytes
becauseof internal page fragmentation. As a result, Swim
requires at least two FlexRAM chips to execute without in-
tensive swapping. Consequerly, we did not perform exper-
iments with Swim using a single FlexRAM chip.

Dmxdm and Spmxv are oating-p oint kernels. Dmxdm
multiplies two 1000 1000 densematrices with blocking in
the three dimensions. Each submatrix is copied into con-
secutive locations to improve the locality. One of the loops
is also unrolled and jammed. Spmxv multiplies a sparse
10000 10000matrix with three million entries to a vector.
The matrix is stored in CompressedRow Storage (CRS) for-
mat [1]. Column indices and non-zero valuesare not aligned
becauseof their di erent size (four and eight bytes, respec-
tively). These two kernels are parallelized by assigning a
dierent PArray to compute a block of rows of the destina-
tion matrix (in Dmxdm) or a set of consecutive elemerts of
the destination vector (in Spmxv). In both kernels, a single
directiv e is required to parallelize the outer loop.

Finally, Distance and Path work with singly-link ed lists
using our IMO library of operations on these data struc-
tures. Distance takes a set of points in a two-dimensional
spaceand nds all pairs of points that are closerthan given
distance; Path nds the shortest path between two given
points in a graph. The IMO functions are designedto be
very e cien t for both the sequerial (no FlexRAM) and the
parallel (FlexRAM) execution of these applications. Still,
there are some caseswhere the performance of the sequen-
tial execution canbe hindered by IMO code structure that is
better suited for parallel execution. In those cases,we wrote
versions of these IMO functions that are optimized for the
sequernial execution, and we use them when evaluating the
no-FlexRAM architecture.

8. EVALUATION

To evaluate the impact of the intelligent memory, we mea-
sured the execution speedupsof the FlexRAM system over
the baseline workstation. In the following, we rst examine

the initial speedups obtained, and then evaluate compiler,
run-time, and hardware optimizations.

8.1 Application Speedups

In our evaluation, we examine FlexRAM systems with
one or two FlexRAM chips. Figure 9 shows the result-
ing speedupsfor ead application and their geometric mean
(GMean). Recall that, to accommadate the working set
of Swim, we need two FlexRAM chips. In the gure, the
speedups correspond to the execution of the complete ap-
plications. All applications spend more than 99% of their
original execution time in the section of the code parallelized
with CFlex.

5 1 FlexRAM Chip

2 FlexRAM Chips | |

TSP TreeAdd Swim Mgrid Dmxdm Spmxv Distance Path GMean
Figure 9. ExecutionspeedupsbtainedisingtheFlexRAM
system.

The gure showsthat, for one FlexRAM chip, the speedup
gures are quite good: while there is signi cant variabilit y
acrossapplications, the geometric mean is about 9. In gen-
eral, the applications with the highest speedups are those
with irregular accesspatterns and those with integer com-
putation. This was to be expected becausedense numer-
ical applications tend to make better use of large caches
and good oating-p oint support of the PHost-only baseline
workstation. In addition, applications such as Path, where
PArray tasks largely use data located in the local memory
bank, obtain better speedupsthan applications such as Sp-
mxv where PArrays require data from other banks.

The locality of PArray accessesalso a ects the changes



in speedupsas we go from one to two FlexRAM chips. In

applications with good locality, the speedupsgo up, while in
those with poor locality, the opposite occurs. In the second
class of applications, the FlexRAM bus becomesa bottle-

nedk for accessedo banks in other chips. Overall, without

considering the contribution of Swim, the geometric mean of
the speedupsfor two FlexRAM chips is not higher than for
one. In general, contention in the FlexRAM bus and over-
heads due to synchronization and task spawning will grow
with the number of FlexRAM chips. Consequenly, unless
the application requires little data movemert and synchro-
nization, it is generally advisable to usethe smallest number
of FlexRAM chips required to hold its data set.

8.2 Compiler and Run-Time Optimizations

The CFlex versionsof our applications often use on_home
clausesto leverageour rst-touc h pageallocation policy and
align data structures for local computation. We call these
versions Opt, and have used them to calculate the speedups
shown in Figure 9. Surprisingly, we found that CFlex ver-
sions of Swim and Mgrid without any on_homeclausesare
faster than their corresponding Opt versions. In these new
versions, which we call NoOpt, tasks are scheduled following
the default policy when the on_homeclauseis missing: cycli-
cally acrosschips and then, within a chip, cyclically across
PArrays. Pagesare still allocated using the rst-touc h pol-
icy. The di erence in speedupsbetweenthe NoOpt and Opt
versions is shown in the rst two bars of Figure 10. Note
that this e ect only occurs for Swim and Mgrid.

18

NoOpt

16- Opt b
Opt+H

141 Opt+H+C i
Opt+H+C+L

0
Swim 2 FlexRAM Chips

Mgrid 1 FlexRAM Chip Mgrid 2 FlexRAM Chips
Figure 10. Impactof compilerandrun-timeoptimizations
for taskspavning andmappingin Swim andMgrid.

These experiments helped us identify at least three com-
piler or run-time ine ciencies in spawning and mapping
tasks. The rst ine ciency results from the way tasks are
spawned under the on_homeclause. Therefore, it only a ects
the Opt version. It occurs when the computation segmerts
to be assignedto consecutive tasks accessconsecutive pages
in the memory bank of the samePArray. The compiler gen-
erates one task for eat page and assignsall the tasks to the
same PArray. Unfortunately , the creation of so many tasks
causessigni cant spawning and synchronization overheads.
Moreover, assigning them all to the same PArray may re-
duce parallelism. The reasonis that our run-time system

can only spawn a task when all the previous tasks gener-
ated by the PHost have already beenspawvned. Moreover, if
the destination PArray is busy executing another task, the
spawn requestis queuedup in a register of the chip's FXCC.
If the FXCC runs out of registers, the spawvn request cannot
be queued up and the run-time system hasto wait for tasks
to nish.

To eliminate this ine ciency , we changed our compiler
as follows. Instead of generating di eren t tasks that access
consecutive pagesof the same memory bank, the compiler
combines all the work into a single task. This approach
eliminates overheadsand the potential run-time stall prob-
lem mentioned above. Wecall this optimization H for Home-
allocation, and apply it to the Opt versionsto obtain Opt+H .
Figure 10 shows that Opt+H delivers higher speedups, es-
pecially for Swim.

The secondine ciency occursin machineswith more than
one FlexRAM chip when tasks are mapped without the
on_homeclause. Recall that, in this case,tasks are mapped
cyclically among the FlexRAM chips. This is done for two
reasons: to balance the usage of the chips and to reduce
the likelihood of run-time stall due to running out of FXCC
registers. Unfortunately , consecutive task spawns generate
tasks that usually accessrelated pieces of data, and often
share the same data. Spawning these tasks on dierent
chips often causesour rst-touc h page allocator to map the
pages of consecutive portions of vectors and arrays on dif-
ferent chips. As aresult, if tasks want to accessinformation
that is near in the virtual space,they are forced to usethe
FlexRAM bus and go across chips. Note that this prob-
lem still aects our Opt versions, since some of their code
sections do not usethe on_homeclause.

To eliminate this ine ciency , we changethe mapping pol-
icy for consecutive tasks when the on_homeclause is not
presert. We perform cyclic mapping of tasks within a chip
before moving to mapping tasks to the next chip. Conse-
quently, each chunk of 64 consecutive tasks is mapped in the
same chip. We call this optimization C for Consecutive-on-
chip, and apply it to the Opt+H versionsto obtain Opt+H+C .
Figure 10 shows the resulting speedups,which are now sig-
ni can tly higher. Note that Opt+H+C does not apply to
single-chip systems.

Finally, there is a third, potential ine ciency that is in-
trinsic to the use of the on_homeclause. When assigning the
computation to the PArray(s) on whose bank the data is
located, we certainly obtain better locality. Unfortunately ,
we also restrict the number of PArrays that cooperate in the
computation and, therefore, restrict parallelism.

Addressing this ine ciency involvesdistributing the data
among as many PArrays as possible, which has negative ef-
fects on locality. Besides, we are limited by the fact that
the granularit y of the distribution in our systemis the page.
Therefore, computation to be parallelized using the on_home
clause that operates on small pieces of data can only be
split among a few PArrays. This e ect hurts Mgrid's per-
formance. Consequerly, we optimize task spawning and
mapping as follows: on_homeclauses are applied only on
loops that have more than 60 iterations. Otherwise, the
loop is parallelized without applying the clause, thus losing
locality but gaining in parallelism. This optimization at-
tempts to ensurethat the number of PArrays that execute
the loop iterations is not too small despite the restriction
that on_homeimp oses.



We call this optimization L, for Limited on_home. This
optimization is only neededin Mgrid. The last bar in Fig-
ure 10 shows the small improvemerts obtained when apply-
ing it to the Opt+H+C version of Mgrid, to obtain version
Opt+H+C+L

8.3 Hardware Optimizations

In seweral applications, the PHost spavns many small
tasks. Unfortunately , task spawning has overhead, as the
PHost rst storesthe data neededby the task in a memory
buer, and then noties the corresponding chip's FXCC,
passing a pointer to the bu er and to the code to execute.
Furthermore, the PHost must then poll the FXCC to ensure
the task spawn hasbeensuccessful,and repeat the operation
if this has not beenthe case. In many cases,thesetasks are
spawned on the same chip and they execute the same code
on dierent data. Consequerly, we could signicantly re-
duce the overheadby adding special hardware in the FXCC.
That hardware could spawvn the multiple tasks that execute
the same code on the same chip in a single action. It could
also queuethe tasks that cannot be spavn immediately be-
causethe corresponding PArray is busy. The PHost would
only have to Il the sewral buers and then pass, with a
single message,an array of bu er pointers and a pointer to
the code. Moreover, if the buers are placed in memory
with a xed stride, the PHost would only need to passa
single bu er pointer that points to the rst buer and the
stride. Of course, in all cases,if the tasks need to execute
dierent codes, the PHost would have to passan array of
code pointers.

We have simulated the optimization where the PHost
passesto an FXCC a single bu er pointer, the stride, the
number of bu ers, and a single code pointer, and the FXCC
then spawns all the tasks. The FXCC latency of the ac-
tual spavn does not change: it is the sum of the FXCC
latencies of all the spawns. We call this optimization M for
Multi-spawn, and apply it to the Opt+H+C+L versions of
the codesto obtain Opt+H+C+L+M

Figure 11 shows the speedupsof all the applications for
Opt+H+C+L+M . The gure alsoincludesthe original speed-
ups of Figure 9 (Opt) and Opt+H+C+L . The H, C, and L
optimizations mostly a ect Swim and Mgrid. Overall, the
gure shows that the multi-spawn optimization signi can tly
speeds up Path and, to a lesserdegree, TreAdd. Conse-
quently, it is a useful improvemernt.

In summary, with all the software optimizations, a Flex-
RAM system with 1 or 2 FlexRAM chips delivers an aver-
age speedup of 10 and 11, respectively, over a conventional
sener. If we include the multi-spawn hardware optimiza-
tion, the average speedupsbecomel1l and 12, respectively.

8.4 Other Optimizations

Recall from Table 3 that we deliberately minimized the
number of directiv esand additional lines addedto our codes.
In this nal experiment, we show that high-speedupversions
of the applications can be written with additional code tun-
ing. For example, we have developed a version of Dmxdm
with 148 lines of code and 12 CFlex directives. This is in
contrast to the versionusedup until now, which has 81 lines
and 1 directive. The tuned version choosesa leader PArray
in each FlexRAM chip to managethe movemerts of data to
and from other FlexRAM chips. The other PArrays in the
chip synchronize with the leader using FXCC locks, before
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Figure 11. Impactof compiler run-time, and hardware
optimizationgfor taskspavning andmapping.

consuming the data from the leader's bu er. The resulting
code doubles the speedup of Dmxdm in Figure 11 for two
chips. Overall, therefore, much higher speedupsthan those
in Figure 11 can be obtained if we are willing tune the codes.

9. RELATED WORK

Some proposalsfor programming intelligent memories [6,
10, 15] force the programmer to directly manage low-level
operations such as communication via messagescace man-
agemen, data layout, or computation and data collocation.
As a result, programming these machines is hard. Other
proposalsusea compiler to automatically partition the code
into sections and then schedule each section on the appro-
priate processor[2, 17]. However, this approach has only
beentried for simple codes and architectures.

More recertly, Gilgamesh [19] proposesa middleware to
simplify the programming of a machine with homogeneous,
processor-memorynodes. This middleware supports object-
based managemer, allowing locality and load balancing
with dynamic control. Somedi erences between Gilgamesh
and CFlex are that Gilgamesh lacks support for heteroge-
neous processors, it targets a dierent system (a highly-
parallel NUMA) and, becauseof the size of the expected
system, it tolerates and requires major code re-writing.

Let us consider now OpenMP [14] and HPF [8], the most
widely-known parallelization directives. CFlex is inspired
by OpenMP. There are, however, seweral important dier-
ences. One is that the OpenMP machine model is UMA
and, as a result, OpenMP lacks the locality-related clauses
found in CFlex. As for HPF, local memories are meaningful
to HPF, but it usesreplication and alignment to take ad-
vantage of them. While this strategy may be adequate for
relativ ely regular codes, data structures enabled by C point-
ers and structs, which are the focus for our work, cannot
be partitioned with these directives. Note that CFlex pro-
vides mechanisms for implicitly distributing and even align-
ing both regular and irregular data structures (Section 4.4).

Task de nition and synchronization is also more powerful
in CFlex than in OpenMP or HPF. The sync/ async clauses
enablethe spawn of new tasks dynamically outside loops. In



this way, it is possibleto parallelize recursive algorithms and
the processingof lists, trees, and other pointer-based struc-
tures using our family of directiv es. This is particularly in-
teresting for FlexRAM, as intelligent memory architectures
are particularly well suited for codes with irregular access
patterns. This givesCFlex a very important advantage over
OpenMP, which can only parallelize iterativ e constructs of
the for / do type and the statically nested parallelism of the
sections and section directives. HPF is also primarily
designedto exploit loop level parallelism, although version
2.0 [8] includes the TASKREGIOMlrectiv e, which enablesit
to implement parallel sections, nested parallelism, and data-
parallel pipelines. Still, it is lesspowerful than CFlex, asthe
generated tasks have seweral restrictions. For example, all
the data that they accessmust be mapped locally to the
active processorsubset.

10. CONCLUSIONS

We preserted an environment that enablesthe e ectiv e
hand programming of intelligent memory architectures at a
high level and with very modest e ort. We used FlexRAM
as a prototype architecture, but our approach is suitable
for other, similar architectures. Our proposal is based on
CFlex, a family of high-level compiler directives inspired
by OpenMP. The CFlex environment givesthe programmer
high-level control over the assignmert of computation to the
main and memory processors,the layout of the data, and
the synchronization between processorsin a single-address
space. We also proposed the use of IMO libraries. These
functions program the processorsin memory through CFlex,
but make the processorstransparent to the programmer.

Our experiments showed that CFlex and IMOs enable
the low-e ort generation of well-tuned parallel programs.
Speci cally, a set of conventional programs with 240 lines
on average were transformed into CFlex parallel form with
only 7 CFlex directivesand 2 additional statements on av-
erage. Moreover, programs run on a single-chip FlexRAM
system about 10 times faster on averagethan on a conven-
tional server. Still, further improvemerts may be obtained
by careful optimization of the codes, which suggeststhat the
use of IMOs needsto be explored more.
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