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The opportunity of PIM is primarily one of the bandwidth available to the processor. Processing logichas direct access to all the bits of a memory row (typically 2048); a new generation of very wide ALUs andcorresponding instruction sets exploit this high internal bandwidth (on the order of 100 Gb/sec) yielding apotential performance of 10 Gips (32-bit operands) on a memory chip with a 16 MB capacity.PIM favors a new processor design that simpli�es operation, lowers development cost and time, andimproves e�ciency and performance over classical processor architecture. Some sophisticated mechanismsincorporated in today's processors are unnecessary in a PIM processor; at the same time, e�ective manipu-lation of the very wide words available on the PIM imply the need for augmented instruction sets. Amongthe most important new capabilities are on-PIM virtual to physical address translation, message drivencomputation, and multithreading [25, 27].Because of the e�ciencies derived from staying on-chip, power consumption can be an order of magni-tude lower than for comparable performance with conventional microprocessor-based systems. But dramaticadvances in performance will be derived from large arrays of tightly coupled PIM chips.The principal idea underlying PIM is not new. For more than a decade, research experiments have beenconducted with semiconductor devices that merged both logic and static RAM cell blocks on the same chips.Even earlier, simple processors and small blocks of SRAM could be found on simple control processors forembedded applications, and of course modern microprocessors include high speed SRAM on-chip caches. Butit was not until recently that industrial semiconductor fabrication processes made possible tightly coupledcombinations of logic with DRAM cell blocks bringing relatively large memory capacities to PIM design. Ahost of research projects has since been undertaken to explore this new design and application space. PIMis being pursued as a means of accelerating array processing [17] and for providing a smart memory in con-ventional systems [13, 9]. It has also been considered for the management of systems resources in a hybridtechnology multithreaded architecture (HTMT) for ultra-scale computing [19]. In 1999, IBM announcedthe Blue Gene project, a PIM-based development of a million-chip system expected to achieve Peta
opsperformance by 2004 [12, 1, 2]. More recently, Caltech and JPL have initiated the design of the Gilgameshsystem, a PIM array targeted towards scalable spaceborne computing.The challenge to realizing the extraordinary potential of arrays of PIM is not simply the interestingproblem of the basic on-chip structure and processor architecture but also the methodology for coordinat-ing the synthesis of a large number of PIM processors to engage in concert in the solution of one or moreparallel applications. A large PIM array is not simply another MPP, it is a new balance of processing andmemory in a new organization. Its local operation and global emergent behavior will be a direct re
ectionof a shared highly parallel system-wide model of computation that governs the execution and interactions ofthe PIM processors. PIM favors data oriented computing where operations are scheduled and performed atthe site of the data; processor utilization is less important than memory bandwidth. A natural organizationof computation on a PIM array is a binding of tasks and data segments logically to coincide with physicaldata allocation while making remote service requests where data is non-local.This paper focuses on the requirements and the design of an execution model for PIM arrays that bindsthe actions of the independent processor/memory pairs distributed throughout the PIM array into a singlecoherent parallel/distributed computation. Major requirements for such a model include1. Features for structuring and managing the global name space.2. Control of object and data allocation, distribution, and alignment, with special support for sparse andirregular structures, as well as dynamic load balancing.3. A general thread model, as a basis for expressing a range of parallel and distributed execution strategies,with a facility for binding threads to data.4. Support for an e�cient mapping of the model's features to the underlying low-level mechanisms andthe operating system nucleus.Additional requirements, which will not be further discussed here, include the logical interface to I/O,protection issues, and the recovery from failed tasks and exceptional conditions.This paper is structured as follows. The next section provides a short outline of the Gilgamesh hardwarearchitecture. Subsequently, we present an intermediate-level execution model focusing on the concept of the



macroserver (Section 3). The discussion will center around the facilities of the model supporting the controlof data and work allocation in a PIM array. Section 4 illustrates some features of the model using a sparsematrix-vector multiply as an example. The paper ends with concluding remarks in Section 5.2 A Short Outline of the Gilgamesh HardwareThe global structure of a Gilgamesh (Giga Logic Gate Assemblies with Mesh Integration) system is char-acterized by a set of identical modules connected by a network. Modules are hardware-implemented on achip and contain a �xed number of identical PIM nodes. Each node integrates a region of physical DRAMmemory with an independent processing facility, the node processing unit.The Gilgamesh architecture does not provide data or instruction caches in the usual sense. However, eachnode has a large number of registers which can serve a variety of purposes including that of a programmeddata cache.Key hardware supported features of the Gilgamesh system include a global virtual shared address space,message-driven computation, and multithreading. The �rst two of these features distinguish Gilgamesh fromthe IBM Blue Gene system.2.1 Virtual Shared Address SpaceGilgamesh provides a global virtual shared address space in the sense that virtual addresses can be mapped(with hardware support) to physical addresses across the whole system. A set of new techniques have beendeveloped that enhance the e�ciency of virtual-to-physical address translation employing set-associativetechniques similar to some cache schemes and using wide registers of the node processing units as programmedTLBs [27].It is important to note that nonlocal direct access (e.g., via a read or write instruction) from a givenmodule to an address with a physical location in another module is not directly supported by the hardwarebut must be performed via parcels, a communication mechanism related to active messages [21, 8] (seebelow). Nonlocal access latency is expected to be at least one order of magnitude larger than local accesslatency, implying the importance of spatial locality for the programming model.2.2 Message-Driven Computation { ParcelsA second important feature of the Gilgamesh architecture is message-driven computation. Like simplememories, PIMs acquire external requests to access and manipulate the contents of memory cells; however,PIMs may also have to perform complex sequences of operations in memory de�ned by user application orsupervisor service routines. Message driven computation features fast on-module interpretation mechanismsthat quickly identify both the operation sequence to be performed and the data rows upon which to beoperated.Support for message-driven computation focuses on the concept of parcels �rst proposed in the HTMTand DIVA projects [5, 9]. Parcels are messages that convey both data and command speci�ers to direct workat remote sites and determine a continuation path of execution upon completion. Similar to active messages,parcels direct all inter-module transactions. A parcel may cause something as simple as a memory readoperation to be performed or something as complex as a search through all PIM memory for a particular key�eld value. Parcel assimilation therefore becomes a critical factor in the e�ective performance obtainablefrom a given PIM. Parcels can be stored in row-wide registers and processed directly by the wide ALU ofthe node processing unit.2.3 MultithreadingA third feature is the incorporation of multithreading into the Gilgamesh architecture. Multithreadingpermits rapid response to incoming service requests with low-overhead context switching and also enablesoverlapping of computation, communication, and memory access. Although counter intuitive, multithreadingactually simpli�es processor design by providing a uniform hardware methodology for dynamically managingphysical processor resources and virtual application tasks.



3 MacroserversFigure 1 provides an overview of the Gilgamesh global software architecture. Applications { operating in avirtual address space of their own { execute as asynchronous networks of dynamic objects calledmacroservers.Macroservers are associated with sets of data, methods, threads, and rules governing the relationship to theirenvironment; their representation can be distributed across the system. Macroservers can dynamically adapttheir behavior to changing conditions in the environment, thus o�ering a powerful mechanism supportingnot only adaptive and dynamic numerical codes but also intelligent agents [22]. Macroservers have beendescribed in detail in [25]; an overview is given in [26, 27].Node servers represent a level of the software system close to the hardware. They represent mini-objectswith only a local life on a node. A distributed data structure contained in a macroserver is usually mappedto a set of node servers handling the local management of the associated distribution segments.
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Figure 1: Global software architecture3.1 A Brief Overview of Key ConceptsA macroserver is an object generated within a given application and operating in its address space. At anypoint in time, a macroserver is associated with a state space in which a set of asynchronous threads is oper-ating, each of which being the result of the spawning of a method. The data structures of a macroserver canbe distributed across the memory region allocated to it. We provide explicit functionality for specifying theinitial distribution of data and their incremental redistribution depending on dynamically arising conditions.Whereas the basic ideas of this feature originate from data parallel languages [6, 11], we have generalizedthis concept to include arbitrary distribution functions and to apply to general data structures such as those



provided by LISP lists. Furthermore, the model o�ers functionality for controlling the location in mem-ory where a thread is to be executed. Such bindings can be established dynamically and are particularlyimportant for linking threads to data on which they operate as well as for dealing with irregular computations.Threads are lightweight and execute asynchronously. Recursive spawning allows the construction ofthread systems with arbitrary depth and structure. Examples include systems of data parallel threads andmultidisciplinary threads exposing a two-level hierarchy combining coarse-grain task parallelism with theunderlying data parallelism of the individual discipline codes [14].Mutual exclusion can be controlled via atomic methods; synchronization of threads can be achieved viacondition variables [3] or futures. Future variables, which are related to the futures in Multilisp [10], can bebound to threads and used for implicit or explicit synchronization based upon the status of the thread anda potential value yielded by it.3.2 Data Distribution and AlignmentThe approach to data distribution and alignment for macroservers generalizes previous work in the contextof data parallel Single-Program-Multiple-Data (SPMD) languages, in particular Vienna Fortran [24, 6] andHPF [11, 15]. More recently, the problems with achieving satisfactory performance on distributed sharedmemory architectures such as the Origin2000 resulted in a number of proposals integrating HPF-like datadistribution directives into the OpenMP language [18, 7, 4].We �rst identify the atomic components of a data structure by it with a mapping, D : I! 
, where I isan index domain, and 
 is some \universal" set of values 1. The idea here is that we can always decomposea data structure into its \atomic" components, which designate elementary values such as numbers, logicalvalues, or pointers, and that each of these components can be 1-1 mapped to a unique \name" in I. Forexample, if D is a simple numerical variable, then we can choose for the index domain the singleton setI = f1g. If D(1 : n; 1 : m) is a two-dimensional Fortran array, then we de�ne I = [1 : n]� [1 : m]. If D is ann-ary tree of height m, then each leaf can be uniquely identi�ed by a string i1:i2 : : : :ik, where k � m andall ij are integers between 1 and n. In this way, we can represent data structures associated with arbitrarygraphs if we include I as a subset of 
 in order to be able to deal with pointers.When dealing with locality we have to make assertions about the mapping of variables to the physicalmemory of the system. Gilgamesh o�ers a global shared address space, but unlike the situation in an SMP orthe Tera MTA (which essentially presents a PRAM to the user) the Gilgamesh architecture has a pronouncedNUMA characteristic, with the latency ratio between module-local and nonlocal accesses ranging between 1and 2 orders of magnitude. The explicit control of the mapping to physical space actually often forces thecompiler or runtime system to break up a contiguous portion of virtual address space into smaller piecesconsistent with the distribution strategy (see below).In the following we will use an abstract module set, Y. By this we mean a set of \virtual" moduleswhich are in some way (how this is done is not speci�ed here) 1-1 mapped to physical modules of the system.Let D denote a data structure, I its index domain, and Y an abstract module set. A data distribution,�D, for D is de�ned as a total function �D : I ! P(Y) � f�g. Here we allow replication, i.e., the mappingof indices to more than one module. However, in most of what follows, we will only deal with replication-free distributions which can be interpreted as functions �D : I ! Y. Also, we do not deal here with themapping from the index domain to the virtual address space associated with a distribution, which oftenrequires a rearrangement of virtual addresses. For a simple example, consider a (block,block) distributionof a 2D matrix, which creates an ordering of virtual addresses di�erent from that in a standard contiguousrepresentation.Let i 2 I be arbitrarily selected, and y 2 �D(i). This is equivalent to an assertion that the memoryrepresentation of the data structure element D(i) has a representation in module y. The pair (D; �D) iscalled a distributed data structure.AssumeD, I, and �D : I! P(Y)�f�g are given as above. Further, let y 2 Y be arbitrarily selected. Theset of all indices mapped to y is called the distribution segment, �D(y), of y: �D(y) := fi 2 I j y 2 �D(i)g.1For the purpose of discussing distributions we take this limited view, not dealing explicitly with such information as thetopology of the data structure.



As we will see later (Section 4), the mechanism introduced here is general enough to also deal with highlyirregular data structures, such as sparse matrices.Distributions of a data structure will in general be created at the time the data structure is allocated;furthermore, macroservers provide special methods which allow a full or partial (incremental) redistributionof distributed data structures.If (D1; �D1) and (D2; �D2) are distributed data structures processed in a common context, then �D1 , �D2and their relationship determine the degree of parallelism and locality in the algorithm. As a simple example,if D1 and D2 are matrices with the same index domain whose sum has to be computed and assigned to athird matrix, then distributing all three matrices identically results in completely local operations executedin parallel in all memory units involved in the distribution.In general, we say that two distributed data structures are aligned if, during a phase of the execution, analignment relationship is established between their distributions. This can be formally de�ned in a similarway as distributions [6].In addition to providing features for the control of data distribution and alignment, macroservers alsoo�er a functionality to specify work distribution, in particular to bind a set of parameterized threads to thedistribution segments of a data distribution. For details see [25].3.3 Other Methods to Control Virtual-to-Physical Memory MappingThe previous section has illustrated how the mapping from virtual to physical memory can be controlled at ahigh level of abstraction via declarative as well as imperative constructs for the distribution, redistribution,and alignment of data. Questions arising in this context include the following:1. what precisely is the information the hardware and the lowest levels of the software need in order tobe able to take advantage of distribution and alignment information, and2. how can that information communicated via the hierarchical levels of the software system to themachine/assembly language.A number of authors have applied page migration based on page access statistics. A recent paper describesa page migration engine, used in an OpenMP context, which is controlled by execution traces and simulatesdata distribution and redistribution in iterative parallel codes [16]; see also [7].4 Sparse Matrix Vector MultiplyThis case study is based on a speci�c data parallel approach to a sparse matrix vector multiplication originallyproposed in [20]. We outline the sequential algorithm, discuss the distribution and representation of thematrix in the memory of a Gilgamesh system, and subsequently formulate a parallel algorithm based onmacroservers.4.1 Sequential AlgorithmConsider the operation S = A:B, where A(1 : N; 1 : M ) is a sparse matrix with q nonzero elements, andB(1 : M ) and S(1 : N ) are vectors. We assume that the nonzero elements of A are enumerated usingrow-major order; the k-th element in this order is called the k-th nonzero element of A. An example for Ais given in Fig. 2: the non-zero elements (q = 16) are explicitly indicated (for simplicity, we assume theirvalues identical with their order in the enumeration); all other �elds are assumed 0.In the Compressed Row Storage (CRS) format, A is represented by three vectors, D, C, and R:� the data vector, D(1 : q), stores the sequence of nonzero elements of A, in the order of their enumer-ation;� the column vector, C(1 : q), contains in position k the column number, in A, of the k-th nonzeroelement in A; and
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14 15 16Figure 2: Undistributed sparse matrix A� the row vector, R(1 : N + 1), contains in position i the number of the �rst nonzero element of A inthat row (if any); else the value of R(i+1). R(N + 1) is set to q + 1.Based upon this representation, the core loop of the sequential algorithm can be formulated in Fortranas shown in Figure 3.INTEGER :: C(q), R(N+1)REAL :: D(q), B(M), S(N)INTEGER :: I, JDO I = 1,MS(I)=0.0DO K = R(I), R(I+1)-1S(I) = S(I) + D(K)*B(C(K))ENDDO KENDDO I Figure 3: Sparse matrix vector multiply: core loop of sequential algorithm4.2 Distributed Sparse RepresentationThe �rst step in developing a parallel version of the algorithm consists of de�ning a distributed sparserepresentation of A. This essentially combines a data distribution with a sparse format such as CRS. Morespeci�cally, a data distribution is interpreted as ifA were a dense array. The distributed sparse representationis then obtained by representing the submatrices constituting the distribution segments in the CRS format.A number of data distributions have been used for this purpose, including Multiple Recursive Decompo-sition (MRD) and cyclic distributions [20]. MRD partitions A into NN rectangular distribution segments,A u; 1 � u � NN , where NN is the number of available modules. These segments are constructed by arecursive algorithm aiming at associating approximately the same number of nonzero elements with each seg-ment. Fig.4 illustrates an irregular distribution of our example matrix, A, into four rectangular distributionsegments, and their associated representations.4.3 Macroserver-Based Parallel AlgorithmBased upon a distributed sparse representation using MRD, we derive a parallel algorithm for the sparsematrix vector product, as outlined in Figure 5. In order to keep this algorithm relatively simple, we focus



on the local submatrix-subvector product and omit the actual partitioning algorithm as well as details suchas dynamic array allocation and the computation of the �nal global sum.The local matrix-vector product is computed in the method mat vec loc, which is activated as a separatethread, tu, in each module u.2 The distribution segments, Au, are given as Au = A(L1(u) : U1(u); L2(u) :U2(u)), based on their global bounds, and q(u) provides the number of nonzero elements in Au. Further-more, we assume that the components of the CRS representation for Au are given by the array sectionsD(u; 1 : q(u)), C(u; 1 : q(u)), and R(u; L1(u) : U1(u) + 1). Finally, each thread tu stores its contribution tothe partial sum in the temporary vector TS(u; 1 : N ).The algorithm begins by creating the macroserver my sparse. In the next step, the sparse matrix isgenerated and distributed, creating a distributed sparse CRS format. As a result of this step, the localrepresentations D(u; :), C(u; :), and R(u; :) as well as all the auxiliary data structures such as the arraysL1; U1; L2; U2, and q are set up. Once this is done, the NN threads tu can be generated. They computepartial vectors which are stored in TS(u; :). Finally, the TS(u; :) are combined in a global sum to determinethe �nal result vector, S. Note that each thread tu is by itself an activity that can be subdivided into a setof threads, one on each node of the module involved in the computation. This will not be made explicit inthe algorithm.The vector B is distributed in some appropriate way which is not further speci�ed and about which noknowledge is assumed.5 ConclusionIn this paper we �rst discussed the salient features of PIM systems, focusing on the recently initiatedGilgamesh project. We then presented the highlights of macroservers, an object-based programming andexecution model for Gilgamesh. A revision and �rst implementation of this model is being developed inparallel with the design of the Gilgamesh ISA and a simulator for the system.Many questions remain open at this time. The behavior of the Gilgamesh system will have to be studiedunder benchmarks from a range of applications including the domains of numerical computation, arti�cialintelligence (in particular, systems of autonomous agents), and monitoring and control. The results of suchstudies will allow the �ne tuning of macroserver semantics and its implementation. Also, the mappingfrom high-level languages to macroservers will be analyzed, leading to associated compilation and runtimemechanisms as well as a set of supporting software tools.Finally, the question of the future role of PIMs and their relationship to other developments in hardwareand software is yet to be decided. Important current directions include smart caches in conventional systems,the fast growth of memory system sizes, systems and SMPs on a chip and the approach of the billion-transistorchip. In summary, it seems safe to say that the new paradigm provided by PIMs o�ers exciting challengesfor parallel systems architecture of the future.References[1] G.S.Almasi,C.Cascaval,J.G.Castanos,M.Denneau,W.Donath, M.Eleftheriou, M.Giampapa, H.Ho, D.Lieber,J.E.Moreira, D.Newns, M.Snir, and H.S.Warren,Jr. Demonstrating the Scalability of a Molecular DynamicsApplication on a Peta
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INTEGER NN = number modules() ! number of modules available for this applicationMODULES MD(NN) ! abstract module arrayMACROSERVER CLASS sparse templateINTEGER :: uREAL , SPARSE (CRS(L1,U1,L2,U2,D,C,R,q,...),MD) :: A(N,M)INTEGER :: L1(NN), U1(NN), L2(NN), U2(NN), q(NN)REAL :: D(NN,:), C(NN,:), R(NN,:)REAL , DISTRIBUTE (...,:) TO (MD) :: TS(NN,:)REAL , DISTRIBUTE (...) TO (MD) :: B(M)REAL :: S(N)FUTURE :: F(NN)CONTAINSMETHOD generate and partition()! Generates matrix, determines MRD partition, and sets up the distributed data structures and auxiliary dataEND METHOD generate and partitionMETHOD mat vec loc(u,D,C,R)REAL :: D(q(u))INTEGER :: C(q(u)), R(L1(u):U1(u)+1)INTEGER :: I, KDO I = L1(u),U1(u)TS(u,1:N) = 0.0DO K = R(I), R(I+1)-1TS(u,I) = TS(u,I) + D(K)*B(C(K)+L2(u))ENDDO KENDDO IEND METHOD mat vec locMETHOD global sum()! Performs global reductions to compute �nal result vector, stored in S, from the temporary vectors TS(u,:).! This is a parallel algorithm that uses the future values returned in the matrix vector routine for synchronization.END METHOD global sumMETHOD matrix vector()! Create on each module a thread executing a parameterized version of mat vec loc. Provide! arguments that point to the local distribution segments.FORALL THREADS (u=1:NN, ON HOME (A(L1(u):U1(u),L2(u):U2(u)))F(u) = SPAWN (my sparse%mat vec loc,u,D(u,:),C(u,:),R(u,:))END METHOD matrix vectorEND MACROSERVER CLASS sparse template! Main programMACROSERVER (sparse template) my sparse = CREATE (sparse template)CALL my sparse%generate and partition()CALL my sparse%matrix vector()CALL my sparse%global sum()Figure 5: Parallel sparse matrix-vector multiply using macroservers


