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Abstra
tMajor advan
es in Merged Logi
 DRAM (MLD) te
hnology
oupled with the popularization of memory-intensive appli
a-tions provide fertile ground for ar
hite
tures based on Intelli-gent Memory (IRAM) or Pro
essors-in-Memory (PIM). The
ontribution of this paper is to explore one way to use the
urrent state-of-the-art MLD te
hnology for general-purpose
omputers. To satisfy requirements of general purpose andlow programming 
ost, we pla
e the PIM 
hips in the memorysystem and let them default to plain DRAM if the appli
ationis not enabled for intelligent memory. Sin
e wide usability is
ru
ial, we identify and analyze a range of real appli
ationsfor PIM. Based on the requirements of these appli
ations and
urrent te
hnologi
al 
onstraints, we design a PIM 
hip and aPIM-based memory system. We 
all the 
hip FlexRAM. Wedes
ribe FlexRAM's design and 
oorplan, and the resultingmemory system. Evaluation of the system through simula-tions shows that 4 FlexRAM 
hips often allow a workstationto run 25-40 times faster.
1 Introdu
tionAdvan
es in VLSI te
hnology are delivering dramati
 in-
reases in the number of transistors that 
an be integratedon a 
hip [36℄. Given that 
urrent 
omputers waste mu
htime transferring data between 
ompute and storage units,it is appealing to 
ombine signi�
ant pro
essing power anda large amount of DRAM memory in the same 
hip. Thisapproa
h has been 
alled Intelligent Memory (IRAM) [27℄ orPro
essors-in-Memory (PIM) [19℄.Integrating logi
 and DRAM in the same 
hip is a

om-plished with a Merged Logi
 DRAM (MLD) pro
ess and has
onsiderable te
hnologi
al 
hallenges [30℄. While there havebeen some early PIM resear
h prototypes [19℄, it is only re-
ently that MLD te
hnology has been 
onsidered promisingenough to be strongly supported by big foundries. Indeed,Mitsubishi, IBM, Samsung, Toshiba, and others are able tofabri
ate MLD 
hips in 0.25 or 0.18 �m te
hnology [15, 25℄.Consequently, given that we have available a large sili
on areathat 
an integrate dramati
 
ompute and storage 
apabilities,the question arises as to how to exploit this te
hnology best?There has been mu
h re
ent work in this area [29℄ (seeSe
tion 7). One approa
h is to 
ombine a good-sized pro
es-sor, 
a
hes, and mu
h DRAM on a 
hip and make the 
hipthe main 
ompute engine in the ma
hine [4, 19, 27℄. A dif-�
ulty with this approa
h is that traditional pro
essors arenot designed to exploit a huge amount of very 
lose DRAMany di�erently than a large on-
hip L2 
a
he. As a result,1This work was supported in part by the National S
ien
e Foun-dation under grants NSF Young Investigator Award MIP-9457436,ASC-9612099, and MIP-9619351, DARPA Contra
t DABT63-95-C-0097, and gifts from IBM.2Pratap Pattnaik is with IBM T.J. Watson Resear
h Center,Yorktown Heights, NY.

the system delivers only in
remental speedups 
ompared toa pro
essor with a large on-
hip L2 
a
he [4℄. This problem
an be partially addressed by adding a ve
tor pro
essor [21℄or extra pro
essors [19℄ on 
hip: more bandwidth 
an now beextra
ted from the memory. However, the system may nowbe hard to program.Another approa
h is to use the MLD te
hnology to builda spe
ialized engine. Su
h an engine 
ould, for example, runve
tor appli
ations [17℄, pro
ess data beside the disk [28℄, or
ontrol ATM swit
hes [5℄. Finally, a third approa
h, whi
hwe and other groups [9, 26℄ take, is for the PIM 
hips to takethe pla
e of memory 
hips in a workstation or server. ThePIM 
hips 
an then pro
ess the most memory-intensive partsof the appli
ation.Interestingly, advan
es in MLD te
hnology 
ome at a timewhen the appli
ation base is evolving toward domains that 
anexploit the new te
hnology well. Indeed, many of the appli
a-tions in relatively new domains like multimedia or data min-ing are quite memory intensive. This makes them amenableto PIM 
omputation.In this paper, we explore one way to use the 
urrent state-of-the-art MLD te
hnology for general-purpose workstationsand servers. Be
ause we are interested in general purpose andlow programming 
ost, we pla
e the PIM 
hips in the memorysystem and let them default to plain DRAM if the appli
ationis not enabled for intelligent memory. Be
ause we examinepresent-day te
hnology, we do not 
onsider any re
on�gura-bility like the A
tive Pages system [26℄. Furthermore, sin
ewide usability is 
ru
ial, we spend mu
h e�ort identifying andanalyzing a wide range of real appli
ations for PIM. Based onthe requirements of these appli
ations and 
urrent te
hnolog-i
al 
onstraints, we design a PIM 
hip 
alled FlexRAM andits memory system. We des
ribe FlexRAM's design and 
oor-plan. Finally, evaluation of the system through simulationsshows that 4 FlexRAM 
hips often allow a workstation to run25-40 times faster.This paper is organized as follows: Se
tion 2 des
ribes ourapproa
h to intelligent memory; Se
tion 3 des
ribes a rangeof appli
ations for intelligent memory and their ar
hite
turalrequirements; Se
tion 4 des
ribes the resulting ar
hite
ture;Se
tion 5 presents a 
hip 
oorplan and dis
usses implemen-tation issues; Se
tion 6 evaluates the ar
hite
ture; and �nallySe
tion 7 dis
usses related work.
2 Prin
iplesThe design of our intelligent memory is guided by the follow-ing prin
iples.Extra
t high DRAM bandwidth. Simply in
luding a 
on-ventional wide-issue supers
alar in a DRAM 
hip has deliv-ered disappointing performan
e [4℄. For higher performan
e,we need to extra
t more DRAM bandwidth. Consequently, weembed in the DRAM 
hip many simple pro
essing elements,all of whi
h 
an a

ess memory 
on
urrently.



Run lega
y 
odes. Sin
e many existing programs 
annotbe re
ompiled, PIM 
hips 
annot generally repla
e the main
ommodity mi
ropro
essor of the workstation. Instead, wepropose that these 
hips take the pla
e of memory 
hips andappear as plain DRAM to appli
ations that are not enabledfor intelligent memory.Minimize DRAM 
ost in
rease. The pro
essing enginesembedded in the DRAM must be extremely simple to mini-mize losses in memory density, performan
e, and power 
on-sumption.Be general purpose. The PIM 
hips should not hard-wirea few algorithms and be
ome spe
ial-purpose 
o-pro
essors.Instead, the in-memory pro
essing should be usable in as widea range of algorithms as possible.Overall, we envision a 
hip that is 
onne
ted as a plainDRAM 
hip and 
an appear as one to the appli
ations. We
all it FlexRAM. It 
ontains many very simple 
ompute en-gines 
alled P.Arrays that are �nely interleaved with DRAMma
ro
ells. To avoid in
orporating extensive inter
onne
tionamong P.Arrays, we restri
t ea
h P.Array to see only a portionof the on-
hip memory. To in
rease the usability of P.Arrays,we also in
lude a low-issue supers
alar RISC 
ore on 
hip.This pro
essor, 
alled P.Mem, 
oordinates the P.Arrays andexe
utes serial tasks. Without the P.Mem, these tasks wouldneed to be performed by the 
ommodity mi
ropro
essor in theworkstation or server (P.Host) at a mu
h higher 
ost. ManyFlexRAM 
hips 
an be 
onne
ted to the 
ommodity memorybus of a workstation or server. A general view of the envi-sioned ar
hite
ture is shown in Figure 1.
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FlexRAMFigure 1: Overall organization of a FlexRAM-basedmemory system.

3 Appli
ation RequirementsBe
ause our intelligent memory should be as general-purposeas possible, we use a wide range of appli
ation domains to
esh out its ar
hite
ture. Our goal is to determine what ar-
hite
tural features are required. In this se
tion, we outlineseveral memory-intensive appli
ations. Appendix A presentsthe detailed mapping of their algorithms to FlexRAM. Basedon the 
onsiderations in Appendix A, Se
tion 3.1 summarizesthe ar
hite
tural requirements on FlexRAM.Data Mining: Tree Generation, Tree Deployment,and Neural Networks. Two major groups of 
lassi�
ationalgorithms in data mining [3℄ are those that pro
ess de
isiontrees and those that pro
ess neural networks. A de
ision treeis a tree-shaped data stru
ture that, when applied to a re
ord,determines whether or not the re
ord belongs to a 
ertain sub-group. The tree nodes are questions about the data in there
ord. The main tree problems are tree generation (assem-bling the tree by examining a subset of the re
ords) and treedeployment (
lassifying the re
ords by applying the tree to all

the re
ords) [31℄.Neural networks 
lassify re
ords a

ording to their proxim-ity with ea
h other in the N-dimensional spa
e. The BSOMalgorithm is frequently used for this problem [23℄.Computational Biology: Protein Pattern Mat
hing.This important problem in 
omputational biology 
onsistsof mat
hing an amino a
id query string against a proteindatabase. We look for se
tions of the query string thatare similar to se
tions of proteins. Be
ause of mutations,the problem is more 
ompli
ated than simply performing se-quential 
omparisons. The BLAST algorithm is frequentlyused [1℄.De
ision Support Systems: TPC-D. TPC-D is a stan-dard de
ision support system appli
ation [37℄. It in
ludesseveral queries that are broken down into memory-intensiveoperations like s
an, join, sort, group, and aggregate. Dueto its size, TPC-D needs several FlexRAM 
hips to hold thedata. In our analysis, we assume that we have enough physi-
al memory to hold the whole database or that I/O operationsare 
leverly overlapped to eliminate I/O stall.Multimedia: MPEG-2 Motion Estimation. Multimediahas many memory-intensive, stream-based problems that aresuitable for PIM. Motion estimation is a popular kernel. Itsgoal is to �nd the di�eren
es between two pixel images. Themost 
ommon algorithm used 
ompares the two images on ablo
k-by-blo
k basis.Finan
ial Modeling and Mole
ular Dynami
s. Unfor-tunately, these appli
ations are 
oating-point intensive andour target te
hnology is 
urrently not dense enough to in
ludeheavy 
oating-point logi
 on the memory 
hip.3.1 Ar
hite
tural RequirementsBased on the analysis of the appli
ations in Appendix A,FlexRAM should in
lude the following support:P.Array Engines. The high parallelism of the appli
ationssuggests in
luding many P.Arrays. However, to keep the ra-tio of logi
 area to DRAM area moderate, ea
h individualP.Array must be very simple. For this reason, we 
an onlysupport integer arithmeti
. Some of the appli
ations performsigni�
ant 
omputation, whi
h suggests using 32-bit arith-meti
 in P.Arrays. The neural network would bene�t frommultipli
ation support in P.Arrays. However, given the area
ost of multipliers, it is best if several P.Arrays share a mul-tiplier. Division is too rare and expensive to support in hard-ware. Finally, to e�e
tively support a wide range of appli
a-tions, the P.Arrays should work in a Single Program MultipleData (SPMD) mode; plain Single Instru
tion Multiple Data(SIMD) mode is too restri
tive and ineÆ
ient [13℄.P.Mem Pro
essor. P.Mem 
an be a low-issue supers
alar,with 
oating-point support and small primary data and in-stru
tion 
a
hes. A se
ondary 
a
he would take too mu
harea. For maximum programmability, P.Mems and P.Arraysshould use virtual addressing, and share some virtual ad-dresses with the P.Host.Memory Stru
ture. FlexRAM is a memory devi
e in the�rst pla
e, repla
ing regular DRAMs without modifying ex-isting system spe
i�
ations. However, it should �t in a mem-ory standard that in
ludes additional power and ground sig-nals, so on-
hip pro
essing 
an be enabled. One su
h stan-dard is Rambus [6, 7℄. Consequently, we in
lude a Rambus-
ompatible interfa
e on 
hip.To provide high bandwidth to a set of P.Arrays, a multi-arrayed DRAM ar
hite
ture should be used. Fortunately, asmemory te
hnology advan
es to Gbit generations, su
h ar
hi-te
tures be
ome 
ommon. In addition, in many appli
ations,



ea
h P.Array works on several di�erent lo
alities at the sametime. For example, it often a

esses a small, reused datastru
ture, and a large database-like stru
ture that is hardlyreused. It may also a

ess several s
alar variables. Conse-quently, to inter
ept most data a

esses, the memory arrayasso
iated with a P.Array has several row bu�ers. No 
a
hesare used.Ea
h P.Array only needs a small instru
tion memory be-
ause the 
odes running on P.Arrays are short. In addition,given the simpli
ity of P.Arrays, we 
an use 16-bit instru
-tions. Finally, to save spa
e, several neighbor P.Arrays 
anshare the instru
tion memory.Communi
ation between P.Host and FlexRAM. TheP.Host should start the P.Mems with a simple write to aspe
ial memory-mapped lo
ation. The P.Host should passthe address of the routine to start exe
uting in memory. Amaster P.Mem should inform the P.Host when the job is 
om-pleted. However, P.Mems 
annot dire
tly invoke the P.Hostbe
ause memories 
annot be masters of the memory bus. Con-sequently, to re
eive information from the P.Mems, the P.Hostor the memory 
ontroller must poll on a lo
ation that theP.Mems 
an set. We must make use of the programmabilityo�ered by Rambus to ensure that this polling is eÆ
ient.Intra-Chip Communi
ation. The appli
ations exhibitseveral di�erent 
ommuni
ation patterns. One of them isglobal 
ommuni
ation between the P.Arrays. In this 
ase,the P.Mem must shu�e data between memories visible to dif-ferent P.Arrays. Consequently, the P.Mem must be able toa

ess all the on-
hip memory and 
ommuni
ate with any in-dividual P.Array in a write-read step through memory.In appli
ations like protein mat
hing and tree generation,we need an inter-P.Array ring 
onne
tion, so that a P.Array
an 
ommuni
ate with its left and right neighbors. This 
om-muni
ation is enabled by allowing ea
h P.Array to see its twoneighbors' memory. The motion estimation appli
ation 
ouldbene�t from a more 
onne
ted network but, if ea
h P.Arraygets a set of full rows of pixels, a ring 
onne
tion suÆ
es.Aside from motion estimation, we have not found appli
a-tions that 
ould bene�t from more 
ompli
ated networks likea mesh. Even if we found them, however, it is un
lear whetherthe 
ostly message bu�ering and routing support required inmeshes would be worth its area 
onsumption.In addition to these patterns, many appli
ations requireeÆ
ient broad
ast from the P.Mem to all P.Arrays. Further-more, a fast noti�
ation me
hanism from ea
h P.Array to theP.Mem is also useful. The 
ombination of both primitives 
anbe the basis for a global P.Array barrier.Inter-Chip Communi
ation. For appli
ations that do not�t in a single 
hip, a P.Mem must be able to a

ess data fromother FlexRAM 
hips. However, sin
e a P.Mem 
annot be themaster of the memory bus, we need an additional inter
on-ne
tion between FlexRAM 
hips (Figure 1).I/O Bandwidth. Finally, the appli
ations analyzed are notgenerally I/O bound. The neural network, tree generation,and motion estimation perform a signi�
ant amount of pro-
essing per data element. Other appli
ations like the treedeployment and TPC-D do less but still exe
ute many in-stru
tions per load of input data. In any 
ase, there are waysto overlap the I/O in some 
hips with 
omputation in the sameor other 
hips. Furthermore, if the input data �ts in memoryand is reused a
ross queries, the I/O time is negligible.
4 Ar
hite
tural DesignBased on the appli
ation-driven rationale just des
ribed, wepro
eed to a detailed design of the FlexRAM ar
hite
ture. We

assume 0.18 �m MLD te
hnology with 400 MHz logi
.4.1 MemoryEa
h FlexRAM 
hip has 64 Mbytes of memory that are orga-nized as 16Mx32 bits. We estimate that, to P.Host a

esses,the 
hip with a Rambus interfa
e o�ers an a

ess time of 40ns for row misses and 20 ns for row hits at an I/O frequen
yof 400 MHz.In the inside, the DRAM is organized in 64 1-Mbyte banks.Ea
h bank is asso
iated with one P.Array and has a singleport. In addition, sin
e P.Arrays do not have 
a
hes, ea
hbank has several row bu�ers. Based on an analysis of theappli
ations, a good design in
ludes 3 2-Kbyte row bu�ersper bank [13℄. We use random row bu�er repla
ement. Theserow bu�ers, although 
ostly, are useful to 
apture importantprogram lo
alities [35℄. A P.Array a

ess to memory shouldtake 10 and 20 ns in a row bu�er hit and miss respe
tively.With so many pro
essing units on 
hip, 
ontention for mem-ory may o

ur. Spe
i�
ally, a DRAM bank may be a

essedby the P.Host, the lo
al P.Mem, or a remote P.Mem throughthe global on-
hip bus. It 
an also be a

essed by the lo-
al P.Array or by a neighbor P.Array. There is a single portper bank and a swit
h that 
onne
ts the port to one of thesesour
es. Consequently, the �nite state ma
hine in the swit
hmust sele
t the 
orre
t sour
e.The FlexRAM 
hip also 
ontains SRAM instru
tion mem-ory to hold the P.Array 
ode. Ea
h group of 4 P.Arrays sharesan 8-Kbyte 4-ported instru
tion memory. While sharing in-stru
tion memory in
reases port requirements, it saves overallarea. 8 Kbytes 
an store a sizable program of 16-bit wide in-stru
tions. We have aggressively assumed that the SRAM 
anhave a 2.5 ns a

ess time to mat
h a 400 MHz P.Array. Theseinstru
tion memories are loaded by the P.Mem.4.2 P.ArrayEa
h 
hip has 64 P.Arrays. Ea
h P.Array is a very simple,32-bit �xed-point RISC engine. It has a 4-stage pipelinewith 16 general-purpose registers, no 
a
hes, and a 1-entrystore bu�er. Ea
h P.Array shares a multiplier with 3 otherP.Arrays. P.Arrays 
y
le at 400 MHz and have 28 16-bit in-stru
tions. Ea
h P.Array is asso
iated with 1 Mbyte of DRAMand 
an also a

ess the 1 Mbyte of its two neighbors, forminga logi
al ring. While neighbor P.Arrays 
ommuni
ate throughshared-memory, non-neighbor 
ommuni
ation requires the in-volvement of P.Mem, whi
h 
an a

ess all memory. Figure 2shows the P.Array datapath.
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Figure 2: P.Array datapath.There is a 
onstru
t for a global P.Array barrier thatuses two primitives: a noti�
ation from ea
h P.Array to theP.Mem, and a broad
ast from the P.Mem to all P.Arrays. No-ti�
ation uses lines that go from ea
h P.Array to one bit inP.Mem's Notify Register. Ea
h P.Array 
an set one bit. TheP.Mem 
an poll the register or be interrupted when 
ertain



bit patterns o

ur. The P.Mem 
an broad
ast a 32-bit wordto all P.Arrays. In ea
h P.Array, a register re
eives the wordand a broad
ast 
ag is set. The P.Array 
an poll the 
ag todete
t when the data has arrived. Broad
asting into memoryinstead of into a register is not supported be
ause the mem-ories of some P.Arrays 
ould be busy, for
ing the broad
astoperation to wait.4.3 P.Mem, Network, and Interfa
eThe P.Mem is a two-issue supers
alar with 
oating-point sup-port like the IBM PowerPC 603 [8℄ and with 16 Kbyte I- andD-
a
hes. We expe
t that it 
an 
y
le at 400 MHz. Thepro
essor interfa
e is modi�ed to support the broad
ast andnoti�
ation primitives via memory-mapped lo
ations.P.Mems 
ommuni
ate with ea
h other via an inter-
hip net-work. We minimize the network logi
 in
luded on 
hip tomake the network topology more 
exible. Flexibility is im-portant be
ause di�erent topologies are best with di�erentnumbers of 
hips. Consequently, ea
h 
hip only in
ludes anIn and an Out SRAM queue and simple message pa
kaginglogi
. Routing is performed by an o�-
hip router IC. The Inand Out ports have 16 data pins ea
h and 
y
le at 800 MHz.Ea
h of the on-
hip queues is 32-bit wide and 
an hold two64-byte 
a
he lines.In a multi
hip FlexRAM memory, all memory is shared andvisible to all P.Mems. Requests between 
hips are transferredthrough the inter-
hip network. When a P.Mem referen
esa lo
ation, it 
a
hes the memory line. However, there is nohardware to enfor
e 
a
he 
oheren
e between P.Mems or be-tween P.Mems and P.Host. It is up to the programmer to 
ushthe data from the 
a
he before it is used by another pro
essor.A higher-end design 
ould provide 
oheren
e support.Finally, 
ommuni
ation between P.Host and P.Mems is im-plemented by using spe
ial features and reserved 
ode wordsfrom the Rambus de�nition. We use Rambus be
ause it al-lows two-way 
ontrol signals. We program the Rambus mem-ory 
ontroller to support the following proto
ol. The P.Hoststarts ea
h P.Mem by writing on a prede�ned register in theRambus interfa
e of ea
h 
hip. The value written is the ad-dress of the 
ode to exe
ute. When the P.Host needs to waitfor the P.Mems, it reads another prede�ned register of theRambus interfa
e in the master P.Mem 
hip. If the masterP.Mem is not �nished, a spe
ial a
knowledgment is returnedto the memory 
ontroller. The latter bu�ers the message andkeeps retrying the read at regular intervals. This retry opera-tion is transparent to the P.Host. When a retry �nds that themaster P.Mem is �nished, the 
ontroller informs the P.Host.This message 
onstitutes the reply to the initial P.Host re-quest.4.4 Address TranslationTo enhan
e programmability, P.Mems and P.Arrays use vir-tual memory. For a given program, they share a range ofvirtual addresses with the P.Host. In the program, the pro-grammer spe
i�es how the data stru
tures are distributed.Eventually, when 
ompiler te
hnology is good enough, thiswill be done by the 
ompiler.In ea
h P.Mem, the virtual to physi
al translations arestored in the TLB and are ba
ked up in a page table in mem-ory shared by all P.Mems. In ea
h P.Array, to minimize areaoverhead, these translations are stored in an 8-entry fully-asso
iative TLB. If a TLB miss o

urs, the P.Array a

essesthe memory area that keeps the 
omplete mapping informa-tion for its own DRAM bank and its two neighbors'. Un-like in the TLB, the mapping information for P.Arrays in the

memory is not organized in a table of virtual and physi
alpage numbers. Instead, it is organized in a table with baseand limit page number for ea
h data stru
ture. Given thatea
h data stru
ture within a bank is allo
ated in a 
ontigu-ous manner, su
h organization of the mapping information isquite eÆ
ient. It minimizes the memory spa
e and the timene
essary to sequentially traverse the mappings. On
e the
orre
t data stru
ture is found in the table, a simple 
ompu-tation will produ
e the 
orre
t entry to enter in the TLB. Notethat the P.Array TLB is a

essed by data referen
es only; in-stru
tion fet
hes pro
eed to the instru
tion memory withouttranslation. Consequently, the TLB uses very little area.Finally, in our system, we try to avoid repla
ing pages that
ontain shared data. If any of these pages were repla
ed, wewould need to send interrupts to invalidate TLB entries tokeep the page mappings 
onsistent. To avoid these problems,at the beginning of the program, we pin in memory the pageswith shared data. Pages with private data 
an be repla
ed.
5 Chip ImplementationImplementing FlexRAM requires 
areful 
ir
uit design andmu
h pro
ess te
hnology support. There are still issues opento resear
h, whi
h are beyond the s
ope of this paper, like re-du
ing the impa
t of the heat and noise indu
ed by the logi
portion of the 
hip on the memory part of it. Here, we 
on-
entrate on 
oorplan and 
lo
k issues. We also estimate thearea required and the power 
onsumption.5.1 FloorplanThe 
hip layout, shown in Figure 3-(a), is 
omposed of theP.Mem blo
k and 16 repli
ated basi
 blo
ks with P.Arrays andmemory. The P.Mem and its 
a
hes are lo
ated in the middleof the 
hip to redu
e the load 
apa
itan
e of broad
asting sig-nals and to minimize signal skews. Broad
ast data, address,and 
ontrol signals are stret
hed into 8 100-bit busses. Ea
hbus is about 1.5 
m long, with a line 
apa
itan
e of about 3pF in
luding gate load 
apa
itan
e [2℄. The Rambus interfa
eblo
ks are lo
ated on both sides of the P.Mem.
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Figure 3: Layout of the FlexRAM 
hip (a), with abasi
 blo
k blown up to show the detail (b).Ea
h basi
 blo
k, blown up in Figure 3-(b), 
ontains 4P.Arrays, 4 1-Mbyte data memory blo
ks, one instru
tionmemory, one multiplier, and one Delay-Lo
ked Loop (DLL).The 4 P.Arrays are lo
ated in the 
enter and share the 4-portSRAM instru
tion memory and the multiplier. Ea
h 1-Mbyte



memory blo
k 
ontains memory 
ontrol logi
 and four 256-Kbyte blo
ks. Ea
h of the latter is 
omposed of 512 rowsand 4 K 
olumns. Su
h dimensions are 
hosen 
onsideringthe ratio between the DRAM bit line (Cb) and 
ell (Cs) 
a-pa
itan
e and the e�e
t on 
hip size. Finally, as a 
ommonpra
ti
e in the DRAM industry, we add 8 redundant rows and32 redundant 
olumns per 256-Kbyte blo
k to repla
e defe
-tive memory 
ells.Ea
h 1-Mbyte memory blo
k 
ontains 3 2-Kbyte row bu�ersunder random repla
ement [13℄. In addition, for higher mem-ory bandwidth, a multiple DRAM data line stru
ture isused [16℄. DRAM data lines run in parallel with DRAM bitlines and are lo
ated at every 32 
olumns, whi
h results in 128DRAM data lines per 1 Mbyte data memory blo
k. Conse-quently, the maximum on-
hip memory bandwidth be
omesabout 102 Gbyte/s with a 10 ns row bu�er hit.5.2 Clo
k IssuesAn important 
on
ern for a DRAM pro
ess is density, while amajor one for a pro
essor logi
 pro
ess is speed. Consequently,a MLD pro
ess has to balan
e both demands. As a result, thelogi
 in a MLD 
hip is likely to run slower than in a logi
-only
hip. In the 0.18 �m MLD te
hnology that we use, we haveassumed a logi
 frequen
y of 400 MHz [15℄.For our 
hip to work, it is ne
essary to transmit a balan
ed
lo
k signal to all P.Arrays. However, given the large 
hipsize and the high 
lo
k frequen
y, this is 
hallenging. Westart by pla
ing the 
entral 
lo
k re
overy 
ir
uit, a Phase-Lo
ked Loop (PLL), at the 
enter of the 
hip, in P.Mem. ThePLL generates 
lo
ks to 
ontrol the memory interfa
e andthe memory a

ess operations with referen
e to an external
lo
k. The PLL is also used to lower the 
lo
k frequen
ywhen the pro
essors in the 
hip are idle and a power-savemode is entered. We also pla
e one dedi
ated Delay-Lo
kedLoop (DLL) in ea
h basi
 blo
k. The DLLs minimize 
lo
kskews on the 
hip and 
ontrol the a
tivity of the P.Arrays.The DLLs are in stand-by mode when the P.Arrays are nota
tive. When the P.Arrays are a
tivated, the DLLs generatelo
al 
lo
ks for the P.Arrays and for the lo
al memory a

esseswith referen
e to the PLL.5.3 Area EstimationThe 
hip size at 0.18 �m is estimated by extrapolating exist-ing data. A PowerPC 603 plus the 
a
hes as used in P.Memhas a size of about 80 mm2 in 0.5 �m [34℄. By 
onsidering ap-propriate shrink fa
tors, P.Mem takes about 12 mm2 in 0.18�m. Sin
e, for this te
hnology, the DRAM 
ell size is about0.34 �m2 [18℄, the total area for the 512 Mbits of DRAM inour design, in
luding row bu�ers, de
oders, 
ontrol logi
, andinterfa
e 
ir
uits between the P.Array and the DRAM blo
kin ea
h bank is estimated to be 330 mm2. The 4-port SRAM
ell used for instru
tion memory is about 30 �m2 [14℄. Basedon this, the total instru
tion memory plus its 
ontrol logi
is about 34 mm2. A 
oarse pla
ement of the elements of aP.Array takes about 1.5 mm2. Sin
e there are 64 P.Arrays,the total P.Array area is about 96 mm2. Finally, we estimatethe area of a 32-bit multiplier to be about 0.6mm2 [10℄. Sin
ewe have 16 multipliers, the total area is about 10 mm2.Around the P.Mem, we have a Rambus interfa
e, the net-work interfa
e 
ir
uit for 
ommuni
ation between P.Mems,and the DRAM refresh 
ontrol 
ir
uits. One 16-bit Rambusinterfa
e blo
k uses about 1.7 mm2 [6℄. Sin
e FlexRAM needsa 32-bit interfa
e, the total interfa
e area is about 3.4 mm2.Finally, we allo
ate 20 mm2 for pads, network interfa
e, andrefresh 
ir
uits.

Overall, we get a 
hip of about 505 mm2, whi
h 
an befabri
ated with advan
ed KrF te
hnology [18℄. Of this area,logi
, in
luding pads, takes 28%, while SRAM memory takes7% and DRAM 65%.5.4 Power EstimationThe expe
ted operating voltage of the 
hip is 1.8 V [36℄. Weestimate the power 
onsumed by one FlexRAM 
hip in twos
enarios: when it is used as plain memory and when it is usedas intelligent memory. In the �rst 
ase, power is 
onsumedwhen the P.Host a

esses memory. The power is 
onsumed intwo main areas: the DRAM 
ells a
tivated in the a

ess, andthe logi
 for 
lo
k generation and memory interfa
e. Assum-ing that refreshing o

urs 16,000 times per 128 ms [36℄, 32 K
ells are a
tivated during the a

ess. Sin
e the 
apa
itan
e ofa DRAM bit line is about 350 fF [18℄, the power 
onsumed bythe DRAM 
ells a
tivated in an a

ess to our 512 Mbit DRAMat 25 MHz is about 0.6 W. This in
ludes driving the 
ontrol
ir
uitry. The power 
onsumption in the 
lo
k generator andmemory interfa
e logi
 is about 0.1 W [12, 32℄. Overall, 0.7W are 
onsumed.When the FlexRAM 
hip is used as intelligent memory, theworst 
ase o

urs when the P.Mem and all the P.Arrays area
tive, and all the P.Arrays miss in the row bu�ers and a

essa new row from memory. The P.Mem plus its 
a
hes, 
lo
kgenerator, and memory interfa
e 
onsume about 4 W at 400MHz [36℄. Ea
h P.Array is estimated to 
onsume about 0.2 W.Sin
e there are 64 P.Arrays, the total P.Array power 
onsump-tion is about 12.8 W. This in
ludes the instru
tion memoriestoo. The multiplier and the lo
al DLL in ea
h 4 Mbyte blo
ktogether 
onsume about 0.1 W [16, 24℄. Sin
e there are 16su
h modules, the total power 
onsumption is 1.6 W. Finally,we need the power 
onsumed by all 64 P.Arrays a

essing arow in the DRAM. In this 
ase, 2-Kbyte DRAM 
ells are a
-tivated in ea
h 1-Mbyte DRAM blo
k. The power 
onsumedper blo
k, in
luding driving 
ontrol 
ir
uitry, is about 0.27 Wat 25 MHz. Sin
e there are 64 blo
ks, the total 
onsumptionis about 17.3 W. Overall, adding all 
ontributions, the power
onsumed in these 
onditions is nearly 36 W. This representsthe worst possible 
ase.To manage this power, a pair of Vdd and Vss pads are as-signed for ea
h P.Array and for ea
h 1 Mbyte DRAM blo
k.These power pads are lo
ated along the edge of the 
hip. All
ontrol pads are pla
ed around the memory interfa
e logi
.The total pin 
ount is expe
ted to be 400-500. A Ball GridArray (BGA) pa
kage [15℄ 
an be used so that this designmeets pin and power requirements.
6 Evaluation6.1 MethodologyTo evaluate the proposed ar
hite
ture, we 
ompare a worksta-tion with a FlexRAM memory system to a plain workstation.While we would like to perform a 
ost-performan
e 
ompari-son, the 
ost of hypotheti
al 
ommodity PIM 
hips is too hardto quantify. Hopefully, the 
ost di�eren
e between an intel-ligent and a plain memory system will eventually be modest
ompared to the full 
ost of a powerful workstation or server.Consequently, we fo
us on performan
e only.To evaluate performan
e, we use detailed software simula-tions. We model a workstation with a 800 MHz six-issue dy-nami
 supers
alar (P.Host). The ar
hite
tural parameters arelisted in Table 2. Sin
e we 
an only simulate modest problemsizes, we use a relatively modest size for P.Host's L2 
a
he,



Appli
. What It Problem Size Global Miss Rates (%) P.ArrayDoes Plain Workstn. FlexRAM Workstn. Exe
utableP.Host P.Host P.Mem Row SizeL1 L2 Bu�ers (KB)GTree Tree 5 MB database, 77.9 K re
ords, 10.0 8.3 6.0 8.2 3.7Generation 29 attributes/re
ord.DTree Tree 1.5 MB database, 17.4 K re
ords, 1.4 0.3 - 22.7 3.3Deployment 29 attributes/re
ord.BSOM BSOM Neural 2 K inputs, 104 dimensions, 2 iter, 1.6 0.4 - 0.6 2.0Network 16-node network, 832 KB network.BLAST BLAST Protein 12.3 K sequen
es, 4.1 MB total, 5.7 0.5 - 36.5 1.4Mat
hing 1 query of 187 bytes.MME MPEG-2 Motion 1 1024x256-pixel frame plus a 0.0 0.0 - 2.8 1.7Estimation referen
e frame. Total 512 KB.Tp
dQ3 TPC-D 10 MB database of whi
h 4.1 2.5 6.0 - -Query 3 about 9.3 MB are a

essed.Table 1: Appli
ations used. For the FlexRAM system, appli
ations run on a single FlexRAM 
hip. Theex
eption is Tp
dQ3, whi
h we run on 16 FlexRAM 
hips using P.Mems only. The P.Mem 
a
he is pra
ti
allyunused in 4 appli
ations.namely 256 Kbytes, so that the problem size does not �t in it.Table 2 also lists the ar
hite
tural parameters for the P.Mem,P.Arrays, and memory.P.Host P.Host L1 & L2 Bus & MemoryFreq: 800 MHz L1 Size: 32 KB Bus: Split TransIssue Width: 6 L1 RT: 2.5 ns Bus With: 16 BDyn Issue: Yes L1 Asso
: 2 Bus Freq: 100 MHzI-Window Size: 96 L1 Line: 64 B Mem RT: 262.5 nsLd/St Units: 2 L2 Size: 256 KBInt Units: 6 L2 RT: 12.5 nsFP Units: 4 L2 Asso
: 4Pending Ld/St: 8/8 L2 Line: 64 BBR Penalty: 4 
y
P.Mem P.Mem L1 P.ArrayFreq: 400 MHz L1 Size: 16 KB Freq: 400 MHzIssue Width: 2 L1 RT: 2.5 ns Issue Width: 1Dyn Issue: No L1 Asso
: 2 Dyn Issue: NoLd/St Units: 2 L1 Line: 32 B Pending St: 1Int Units: 2 L2 Ca
he: No Row Bu�ers: 3FP Units: 2 RB Size: 2 KBPending Ld/St: 8/8 RB Hit: 10 nsBR Penalty: 2 
y
 RB Miss: 20 nsBR Penalty: 2 
y
Table 2: Parameters of the ar
hite
ture simulated.In the table, BR stands for bran
h, RT for 
ontention-free round-trip laten
y from the pro
essor, and RB forrow bu�er.The simulations are performed using a MINT-based [38℄exe
ution-driven simulation system that models out-of-ordersupers
alar pro
essors [22℄. It in
ludes a module that s
hed-ules RISC instru
tions for supers
alar pro
essors at run time.Di�erent appli
ation threads in a multi-threaded appli
ation
an have di�erent issue width and issue poli
y (in-order orout-of-order). In our ar
hite
ture, one thread is s
heduled torun on a 6-issue dynami
 supers
alar (P.Host), one or morethreads to run on 2-issue stati
 supers
alars (P.Mems), and64 threads to run on single-issue stati
 pro
essors (P.Arrays).The instru
tions of the P.Array threads go through a transla-tion step where they are translated from the MIPS ISA pro-
essed by MINT to the simpler P.Array ISA.The appli
ations that we run on the simulator were de-s
ribed in Se
tion 3. To make a fair 
omparison, for ea
happli
ation, we prepare two versions, ea
h one modestly op-timized to run on di�erent hardware: FlexRAM 
hips, or aplain workstation with a deep 
a
he hierar
hy. The FlexRAMversion of ea
h appli
ation is partitioned by hand, identify-ing and separating the work to be done by the P.Mem andthe P.Arrays. In the future, we hope that 
ompiler and pro-gramming language extensions 
an help in the partitioning.

The FlexRAM version of ea
h appli
ation runs on a singleFlexRAM 
hip. The ex
eption is TPC-D, whi
h we run on 16FlexRAM 
hips using P.Mems only. Table 1 lists, for ea
h ap-pli
ation, the name, what it does, the problem size, the missrates, and the size of the P.Array exe
utable.We now explore how the FlexRAM memory system is usedand the speedups that it delivers.6.2 How the Intelligent Memory is UsedWe break down the normalized exe
ution time of the P.Arraysand P.Mems in Figures 4-(a) and 4-(b) respe
tively. As shownin Figure 4-(a), a P.Array 
an be exe
uting useful instru
-tions (Busy), waiting for memory (Memory), waiting for otherP.Arrays (PA/PA Wait), waiting for the P.Mem (PA/PMWait), or stalled in pipeline hazards (Hazards). In turn,as Figure 4-(b) shows, a P.Mem 
an be exe
uting useful in-stru
tions (Busy), waiting for memory (Memory), waiting forP.Arrays, other P.Mems, or the P.Host (Wait), or stalled inpipeline hazards (Hazards).A

ording to Figure 4-(a), it is 
ommon for P.Arrays tobe Busy around 40-60% of the time. The rest of the timeis often spent waiting for memory. The fra
tion of Memorytime, however, is not 
orrelated with the miss rate of therow bu�ers (last to one 
olumn of Table 1). The reasonsare that di�erent appli
ations a

ess memory with di�erentfrequen
ies and that the di�eren
e in laten
y between a rowbu�er hit and a miss is small.In some appli
ations, P.Arrays waste time waiting for theP.Mem or for other P.Arrays. In GTree, P.Arrays are wait-ing on the P.Mem for about 45% of the time. The reason isthat GTree has a large serial se
tion, where only the P.Memis busy (Figure 4-(b)). This results in unutilized P.Arrays.Fortunately, in the other appli
ations, there is no major serialse
tion and the P.Mem a
tivity is largely limited to a few re-du
tions and broad
asts. As a result, Figure 4-(b) shows thatthe P.Mem is largely idle. Tp
dQ3 is a spe
ial 
ase in thatP.Arrays are unused. Tp
dQ3 runs on 16 FlexRAM 
hips andonly uses P.Mems. It a
hieves a good 40% Busy time. Mem-ory time is signi�
ant in Tp
dQ3 be
ause the small P.Mem
a
hes su�er frequent misses (Table 1) when running the par-allelized Tp
dQ3.6.3 Speedup Over Plain MemoryTo understand any speedup delivered by FlexRAM over plainmemory, we �rst examine the performan
e of the appli
a-tions on the plain workstation, and then analyze the FlexRAM
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(f)Figure 4: Evaluating FlexRAM. Charts (a), (b), and (
) break down the exe
ution time of P.Arrays, P.Mems,and (in the plain workstation ar
hite
ture) P.Host respe
tively. Charts (d), (e), and (f) show the speedupsof the FlexRAM-based system over the plain system for di�erent 
onditions: di�erent numbers of FlexRAM
hips for a 
onstant problem size, di�erent numbers of FlexRAM 
hips for a proportionally-s
aled problemsize, and di�erent MLD logi
 frequen
ies respe
tively. Tp
dQ3 does not use P.Arrays.speedups.6.3.1 Plain Workstation Performan
eTo be fair in estimating speedups, we have tried to run theappli
ations eÆ
iently on the plain workstation. For exam-ple, the P.Host's L1 and L2 miss rates are small for mostof the appli
ations (Table 1). However, it is hard to keepa six-issue pro
essor highly utilized while running memory-intensive appli
ations, given the large memory laten
ies ofmodern systems. Figure 4-(
) breaks down the exe
ution timeof the appli
ations into instru
tion exe
ution (Busy), waitingfor memory (Memory), stru
tural and data pipeline hazards(Str+Data), and 
ontrol hazards (Control).From the often modest fra
tion of Busy time, we 
an 
om-pute the CPIs, whi
h are shown at the base of the bars. TheCPIs range from 3.3 to 0.4. The large Memory time in GTree,BLAST, and Tp
dQ3 shows that these three appli
ations arelargely memory bound. They are also the ones with the high-est miss rates in Table 1. GTree follows long lists of re
ordswith poor lo
ality su
h that, when a re
ord is a

essed fora se
ond time, it has already been displa
ed from the 
a
he.Tp
dQ3 has a large memory time be
ause data is not reused.While the appli
ation has spatial lo
ality, 
a
he lines have amodest size (64 bytes). In addition, be
ause the database isrelatively small, there are start up misses. BLAST a

esses avery large hash table with poor lo
ality.6.3.2 SpeedupsThe FlexRAM speedups are shown in Figure 4-(d) as the left-most bars of ea
h appli
ation (1 FlexRAM for all appli
ationsex
ept for Tp
dQ3; 16 FlexRAM for Tp
dQ3). We 
an seethat, with one FlexRAM 
hip, we get speedups of around 7-11. The ex
eption isGTree whi
h, due to its poor performan
ein the plain workstation, has a speedup of about 50. Tp
dQ3,

whi
h runs with 16 FlexRAM 
hips, has a speedup of about10. Overall, these are good speedups.It is interesting to see the speedups as we add moreFlexRAM 
hips. We 
onsider two s
enarios: keeping the prob-lem size 
onstant (Figure 4-(d)) and in
reasing it proportion-ally with the number of 
hips (Figure 4-(e)). The legend inFigure 4-(d) refers to the number of FlexRAM 
hips used; thelegend in Figure 4-(e) refers to the total size of the problemrunning, and the number of 
hips used.In
reasing the number of 
hips for 
onstant problem size(Figure 4-(d)) delivers good speedups. In most 
ases, 4 
hipsrun about 3 times faster than 1 
hip, delivering speedups of20-30 over the plain system. The reason is that these appli
a-tions are fairly parallel and need little 
ommuni
ation between
hips. The ex
eption is GTree, whi
h has a serial se
tion that
an only run on a single P.Mem. As a result, the speedup forGTree in
reases only slowly.If we in
rease the problem size as we in
rease the numberof 
hips (Figure 4-(e)), we see even better speedups. Many ofthese appli
ations are mostly data parallel, so speedups s
alewell. Furthermore, GTree now delivers good speedups. Thereason is that the P.Mem se
tion takes the same amount oftime irrespe
tive of the number of re
ords; it depends on theattributes per re
ord. The plain workstation, however, runstwi
e slower with twi
e more re
ords. Overall, we 
an seethat 4 FlexRAM 
hips often allow the workstation to run 25-40 times faster than without intelligent memory. For GTree,the speedup is 180.Finally, we examine the e�e
t of the logi
 speed in theMLD pro
ess. We assume that the speed of the logi
 in theFlexRAM 
hip 
an be 
hanged from 400 MHz to 200 or 800MHz. The DRAM size and speed are un
hanged. Further-more, we unrealisti
ally assume that the speed of the SRAMin the FlexRAM (instru
tion memory for the P.Arrays and
a
he for P.Mem) also 
hanges with the logi
 frequen
y, sothat the a

ess time is always 1 
y
le. Under these 
ondi-



tions, Figure 4-(f) shows the speedups of the intelligent work-station over the plain one for FlexRAM logi
 speed of 200,400, and 800 MHz. One FlexRAM 
hip is used for all appli
a-tions ex
ept for Tp
dQ3, where 16 FlexRAM 
hips are used.The �gure shows that higher speedups are delivered as we gofrom 400 to 800 MHz. However, the in
reases are smaller thanthe ones delivered as we went from 200 to 400 MHz. This isbe
ause logi
 speed is only one of several fa
tors that 
on-tribute to FlexRAM speedups. Overall, it appears that 400MHz logi
 in MLD is a good design point for systems with800 MHz 
ommodity pro
essors.6.4 Cost-E�e
tiveness of FlexRAMIt is hard to justify a 
hip like FlexRAM given today's lowDRAM pri
es. However, we believe that, with the fast growthof 
hip density, integrating more logi
 with memory is the onlyway to alleviate the memory bottlene
k, and possibly the bestway to exploit the huge number of transistors available. MLDte
hnology will 
ontinue to show breakthroughs, whi
h willmake fabri
ating a FlexRAM-like 
hip only moderately moreexpensive than an advan
ed DRAM part. If we 
onsider thelow fra
tion of a system's 
ost that memory represents, andthe good speedups that we get for key appli
ations in theserver domain, the near-future 
ost-e�e
tiveness of somethinglike FlexRAM looks promising.
7 Related WorkPIM or IRAM ar
hite
tures are an a
tive resear
h �eld.Among the most prominent work, we have Notre Dame'sExe
ube [19℄ and Peta
op [20℄ systems, UC-Davis' A
-tive Pages [26℄, ISI-USC DIVA system [9℄, UC-Berkeley'sIRAM [27℄ and ISTORE [28℄, MIT's Imagine [33℄ and Raw [39℄work, and the vast body of work presented at the First Work-shop on Mixing Logi
 and DRAM [29℄. Some of these proje
ts,in
luding Imagine and Raw, use SRAM as the large on-
hipstorage. Roughly speaking, the work 
an be 
lassi�ed basedon the role of the PIM 
hip: main pro
essor (or pro
essors),spe
ial purpose (or 
o-pro
essor), and memory system. Ourwork falls in the latter, together with the A
tive Pages andthe DIVA proje
t. The A
tive Pages work is di�erent in thatone of its major aspe
ts is in
luding re
on�gurable logi
 inthe PIM 
hip. Su
h a te
hnology is a few years o� in the fu-ture. Our purpose is to examine how to best use today's MLDte
hnology. Furthermore, a 
ru
ial part of our work is to �ndand understand real appli
ations for PIM. We have used themto perform a detailed design and layout of the 
hip. To ourknowledge, there is no published work on DIVA, but some ofthe work appears similar. Finally, a survey of the issues inembedded DRAMs 
an be found in [30℄.
8 Con
lusions and Future WorkThis paper has addressed how to best use the 
urrent state-of-the-art MLD te
hnology for general-purpose 
omputers. Wewanted a general-purpose system that supported a wide rangeof appli
ations. The paper has des
ribed and justi�ed its ar-
hite
ture and proposed a 
hip layout. A simulation-basedevaluation showed that 4 intelligent memory 
hips often allowa workstation to run 25-40 times faster.Many issues are open for resear
h. Perhaps the most 
hal-lenging one is to provide easy-to-use and eÆ
ient program-ming support for the ar
hite
ture presented. Another issueis to make the system more usable by enhan
ing and giving
exibility to the memory management and virtual memory

systems. Finally, another issue is to examine in detail theI/O subsystem support required for this ar
hite
ture. Sin
edata is 
onsumed eÆ
iently, it must be loaded into memoryeÆ
iently too.
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Appendix A: Appli
ationsData MiningThe nodes of a de
ision tree are predi
ates on one or more at-tributes of the re
ord in a database. The out
ome of the predi
ateon a re
ord determines the subsequent bran
h of the tree to takewhile traversing from the root. The re
ord �nally rea
hes a leaf ofthe tree whi
h 
lassi�es the re
ord. For example, given re
ords onindividuals, a de
ision tree 
an be used to �nd target individualsfor life insuran
e promotion. The nodes of the tree are questionsabout the family and in
ome situation of the individual.Tree GenerationTo generate the tree, the algorithm has to determine whi
hre
ord attributes to query in the nodes, in what order and, fora given attribute, what values to use to split the re
ords. Thegoal is to produ
e the most 
ompa
t tree with the most 
on�dentanswers [31℄.We start from a pre
lassi�ed set of the re
ords. To generatethe root node of the tree, we inspe
t ea
h attribute and 
ount, forea
h attribute value, the number of re
ords that have ea
h possibleout
ome. Based on this, we 
hoose the attribute and attribute valuethat produ
es the best split, that is, resulting in largest informationgain [31℄. For ea
h bran
h, we now repeat the pro
ess with onlythe re
ords that 
ontain the 
orresponding attribute value. Thiswill give us the next pair of attribute and attribute value. Thispro
ess 
ontinues until all the re
ords in the bran
h have the sameout
ome or there are too few re
ords to give a meaningful split.This algorithm 
an be mapped to one FlexRAM 
hip as follows.The database of re
ords is divided among the P.Arrays. The P.Mem
ontrols the tree generation and makes all de
isions. Initially, ea
hP.Array 
ounts, for the re
ords it owns, the out
omes for ea
h at-tribute and attribute value. Then, all P.Arrays syn
hronize. TheP.Mem tabulates the results and makes the de
ision about the at-tribute and value on whi
h to split. It then transmits this informa-tion to the P.Arrays, together with an indi
ation of what bran
h toexamine next. This 
y
le is repeated again and again ex
ept thatea
h P.Array only works on the subset of its re
ords that are being
onsidered in this subtree.In this appli
ation, P.Arrays have large 
ommuni
ation-free se
-tions. However, at regular intervals, they syn
hronize in barriersand 
ommuni
ate. For the 
ommuni
ation, they 
an use nearestneighbor as they a

umulate results for the P.Mem. Computationis all integer addition. As long as many re
ords �t in ea
h P.Array'smemory, the 
ommuni
ation time is small. So is the re
ord loadtime, espe
ially if the database is used to generate several trees.Finally, if the database does not �t in one 
hip, several 
hips 
anwork in parallel. In ea
h step, a master P.Mem 
an a

umulate thepartial data a

umulated by ea
h of the other P.Mems. This intro-du
es more 
ommuni
ation but, overall, 
ommuni
ation is likely toremain modest.Tree DeploymentThis algorithm applies a tree to every single re
ord of a largedatabase to 
lassify them [31℄. In our ar
hite
ture, we assign aportion of the database re
ords to ea
h P.Array and repli
ate thetree in all P.Arrays. Ea
h P.Array sequentially pro
esses its re
ords.For ea
h re
ord, the tree is traversed, 
he
king the 
onditions inthe nodes, and rea
hing the out
ome in the 
orre
t leaf. Finally,all P.Arrays syn
hronize in a barrier and the P.Mem (or P.Mems in
ase we are using several 
hips) a

umulates the result.This appli
ation is well-suited for FlexRAM. P.Arrays have pra
-ti
ally no 
ommuni
ation beyond two barriers. Their operations aremainly 
omparisons with s
attered integer arithmeti
. One 
on
ernis that the ratio of 
omputation to I/O may be low. While theamount of 
omputation per re
ord depends on the input tree, theexamples that we tried have about 40 P.Array instru
tions betweentwo 
onse
utive P.Array loads to the database data. If we add tothis time any P.Array load imbalan
e, syn
hronization time, andnon-overlapped P.Mem time, we see that the data pro
essing timeis larger than the data loading time with fast page-mode DMA.If, in addition, the database �ts in memory, then the appli
ationreuses the data a
ross queries and the initial I/O time is negligible.Neural NetworksNeural networks also 
lassify data. The Self-Organizing Map(SOM) algorithm takes as input a set of data points belonging to theN-dimensional spa
e. It 
lusters them into groups of similar-lookingpoints laid out in a 2D map [23℄. To identify an arbitrary number
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Figure 5: Laying out tables to minimize inter FlexRAM 
hip 
ommuni
ation in joins.of K groups, it pro
eeds as follows. Ea
h of the �rst K inputs goesto a di�erent group. Their 
oordinates be
ome the initial weightve
tor of ea
h group. Then, for ea
h of the other inputs, we doas follows. We 
ompute the eu
lidian distan
e between the inputve
tor and ea
h weight ve
tor. The smallest distan
e indi
atesthe group where the input belongs to. At this point, the weightof su
h a group is updated to be a weighted average of its initialweight and the new input. Intuitively, we have moved the 
enter ofgravity of the group to re
e
t the in
uen
e of this input. The othergroups' weights are also updated to a smaller degree 
ontrolled bya 
orrelation matrix. To for
e 
onvergen
e, the whole pro
ess isrepeated several times.In pra
ti
e, in the BSOM (Bat
h SOM) algorithm, no 
enter ofgravity is 
hanged until all inputs have been pro
essed. At thatpoint, all the 
hanges are performed. At the end, a 
lear patternof K 
enters of gravity emerges.In a FlexRAM 
hip, ea
h P.Array starts with a 
opy of the initialK weights. Ea
h P.Array pro
esses a portion of the inputs, updatesits lo
al weights and syn
hronizes. Then, P.Mem reads all the lo
alweights, 
ombines them and broad
asts the result to all P.Arrays.This is a 
ompute-intensive algorithm with little P.Array 
om-muni
ation. Theoreti
ally, the algorithm uses 
oating point. How-ever, given that 
oating point is so area-expensive, we 
an useinteger units to do the integer arithmeti
 without losing too mu
hpre
ision. Multipli
ation is used to 
ompute distan
es and, there-fore, must be supported eÆ
iently.Computational Biology: Protein Mat
hingWe look for se
tions of a query string that are similar to se
tionsof a protein database. Sin
e there may be mutations, similarity ismeasured with a fun
tion that takes into a

ount the amino a
idsfound in the two neighborhoods. The original algorithm, 
alledBLAST [1℄, sequentially takes ea
h amino a
id in the proteins ofthe database and 
ompares it to all the amino a
ids in the querystring. The 
omparison is done in groups of 4 
onse
utive aminoa
ids at a time. Ea
h group is de
omposed into 50 possible per-mutations to allow for mutations. If two 4-amino a
id sequen
es inthe mutated query and database are the same, a mat
h is dete
tedand it now needs to be extended. Extension implies 
omparingthe next amino a
ids in sequen
e in both query and database. De-pending on how similar they are, a similarity metri
 is in
reasedor de
reased. Su
h extension pro
eeds to the left and right of theoriginal mat
h until the similarity metri
 rea
hes a 
ertain positiveor negative threshold.In our ar
hite
ture, we load the protein database in theFlexRAM 
hips. Ea
h P.Array is given a pie
e of the database.The query string is repli
ated in all P.Arrays. Ea
h P.Array triesto mat
h it against its portion of the database. For ea
h mat
h it�nds, it extends it. Due to the small size of a protein, the extensionwill not 
ross FlexRAM 
hips but may 
ross P.Array memories. Ifthe extension rea
hes a P.Array boundary, the P.Array 
an store theinformation gathered so far in the memory of the neighbor P.Array.After pro
essing their protein 
hunks, all P.Arrays syn
hronize ina barrier. Then, ea
h P.Array pro
eeds to extend the mat
hes ini-tiated by its two neighbors. These pro
essing and syn
hronizationsteps interleave until all extensions 
on
lude.This appli
ation is highly parallel, fairly 
ompute intensive, hasa signi�
ant grain size and, at most, needs nearest-neighbor 
om-muni
ation between P.Arrays. Computation is all integer. The I/Otime to load the database is mu
h smaller than the 
ompute time

and, if the database �ts in memory and is reused a
ross queries,totally negligible.De
ision Support Systems: TPC-DWe 
ode TPC-D to use only P.Mems and intra-operation par-allelism [11℄, whereby ea
h pro
essor operates on a se
tion of thetables. We want to minimize 
ommuni
ation between 
hips. Weshow how to do it for joins. For joins, 
ommuni
ation is redu
eddramati
ally if we optimize data layout. Ea
h database table hasits key, whi
h takes a di�erent value in ea
h re
ord. In all TPC-Djoins, the key in a table is joined to a foreign key in another table.A foreign key usually takes the same value in several re
ords. Fig-ure 5-(a) shows a join. Thanks to the uniqueness of the keys, giventwo tables to be joined, we 
an always partition them between sev-eral PIM 
hips for no 
ommuni
ation (Figure 5-(b)). If we want aload-balan
ed system, we may have to repli
ate some entries (forexample, move re
ord #4 of Table A from PIM1 to PIM2 and repli-
ate re
ord #1 of Table B in both PIMs). Finally, sin
e a query hasseveral joins, we repeat the partitioning a
ross joins. For example,Figure 5-(
) shows the data in PIM1 after laying out a query with(A join B) join C.We 
an lay out the TPC-D tables in a FlexRAM ensemble likethis as long as di�erent queries do not put 
on
i
ting layout de-mands on the same table. To see the problem, 
onsider the TPC-Djoin graph (Figure 5-(d)). The graph shows all the TPC-D tables,how they are joined (an arrow between two tables indi
ates a join,with the sour
e of the arrow indi
ating the table with the key),and what queries exe
ute them. If we remove table Part and edges5, 8, and 9 from the graph, we get a tree. For a tree, we 
an layout all tables so that we need no inter-
hip 
ommuni
ation in anyTPC-D join. To see why, start from the root and, in a depth-�rst manner lay out re
ords from di�erent tables in the FlexRAM
hip. For example, lay out the �rst Region re
ord, then �nd all itsmat
hes in Nation. For ea
h of those, lay it out and �nd all itsmat
hes in Supplier. The pro
ess pro
eeds until the �rst 
hip isfull; then move on to the next 
hip. Although some re
ord repli-
ation may be ne
essary, none of the joins will require inter-
hip
ommuni
ation with this layout. Finally, we distribute the Partre
ords in 
hunked round-robin a
ross 
hips. Joins 5, 8, and 9 willrequire inter-P.Mem 
ommuni
ation. This 
ommuni
ation 
an besupported well if P.Mems share all memory.The initial and only loading of the data in the FlexRAM 
hips
an be eÆ
iently done with the help of hash tables. Finally, if anupdate query tries to add an entry, we need to store it in the right
hip. However, updates are rare.Multimedia: MPEG-2 Motion EstimationGiven an image, we take ea
h 8x8-pixel blo
k and 
ompare itagainst many 8x8-pixel blo
ks in a referen
e image. The latterblo
ks in
lude the one with the same 
oordinates as the originalone, and its surrounding blo
ks. Blo
k 
omparison involves integerarithmeti
. In FlexRAM, we partition ea
h of two images in thesame way between P.Arrays. If the P.Arrays are 
onne
ted in a 1Dmanner, ea
h P.Array gets a set of 
ontiguous rows. Ea
h P.Arrayoperates on its own se
tion of the image. Communi
ation is highlylo
al: P.Arrays a

ess their own memory and read the ones in theirnearest neighbors.


