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Abstract 

PC clusters have emerged as viable alternatives for high-performance, low-cost 

computing. In such an environment, sharing data among processes is essential. Accessing the 

shared data, however, may often stall parallel executing threads. We propose a novel data 

representation scheme where an application data entity can be incarnated into a set of objects that 

are distributed in the cluster. The runtime support system manages the incarnated objects and 

data access is possible only via an appropriate interface. This distributed data representation 

facilitates parallel accesses for updates. Thus, tasks are subject to few limitations and application 

programs can harness high degrees of parallelism. Our PC cluster experiments prove the 

effectiveness of our approach.  

 

 

Keywords: data encapsulation, distributed data, parallel data access, PC cluster, super-

programming model.  
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1.  Introduction 

PC clusters have emerged as viable alternatives for high-performance, low-cost parallel 

computing [1]. However, they have weak communication capabilities that require substantial 

software support. Thus, the development of parallel programs faces major challenges. Data 

sharing among processes is essential in parallel programs [14] and the chosen techniques may 

affect performance. PC clusters distribute computation tasks and application data among the 

nodes. To efficiently utilize the distributed resources, workload balancing is applied. Since 

computation tasks ultimately need to access locally represented data, data representations can 

affect the effectiveness of task assignment. Computation threads access shared data in the order 

dictated by the program. Some threads may be stalled until preceding accesses have completed 

[3]. The long communication latencies in PC clusters increase significantly the penalty of thread 

stalls. There are two fundamental models for data sharing in parallel programming, message 

passing [14,16] and shared memory [8,13,14]. Object-oriented programming models may 

encapsulate both mechanisms [7,10]. However, there are substantial limitations when combining 

the former models for shared data representation.  

In this paper we propose a novel distributed data representation scheme primarily for our 

Super-Programming Model (SPM) introduced in [4]; the implementation of a relevant runtime 

support system is discussed as well. SPM integrates both message passing and shared memory. 

Under SPM, an effective instruction-set architecture (ISA) is to be developed for each 

application domain. Frequently used operations in that domain should belong to this ISA. The 

Super-Instructions (SIs) in the ISA are to be developed efficiently in the form of program 

functions for individual PCs in the cluster. The sizes of the operands (i.e., function parameters) 

for SIs are limited by predefined thresholds. Application programs are modeled as Super-

Programs (SPs) coded with SIs. Under SPM the parallel system is modeled as a virtual machine 

(VM) which is composed of a single super-processor that includes an instruction fetch/dispatch 

unit (IDU) and multiple instruction execution units (IEUs). For PC clusters, an IEU is a process 

running on a member node that provides a context to execute SIs. SIs are dynamically assigned 

to IEUs based on a producer-consumer protocol. The IDU assigns SIs, from a list of SIs ready to 

execute, to IEUs as soon as the latter become available. The super-processor can handle a set of 

“build-in” data types called Super-Data Blocks (SDBs). All application data are stored in SDBs. 

SDBs are accessed through appropriate interfaces. The runtime support system provides the local 
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representation of SDBs. Each data entity can be incarnated into a set of objects distributed 

throughout the cluster. The SPM runtime support system controls the incarnated objects during 

their lifecycle based on their usage. Thus, the logic of scheduling and distributing tasks is 

decoupled from the data distribution and the impact of the latter on workload balancing is 

reduced dramatically. The aforementioned set of incarnated objects represent a coherent data 

entity. They cooperate with each other with the mediation of the runtime system. Such multiple 

distributed representations can serve efficiently the demands for data of multiple SIs.  Our 

approach increases the number of SIs executing in parallel by minimizing thread stalling.  

 We introduce in Section 2 our data representation scheme under SPM and the 

corresponding data access model. In Section 3, we examine the effect of our distributed data 

objects on update operations by implementing an SP for matrix multiplication. Section 4 presents 

a theoretical analysis. In Section 5, a comparison with existing programming models is presented. 

2. Distributed Data Representation and Data Access Operations 

For a given application program under SPM, all data are entities existing in its global 

logical space. At runtime any data entity is represented by one or more incarnated data objects 

and/or data file(s) in external storage. These objects exist in the context of member processes 

which are distributed among the system’s nodes and can be executed in parallel. Accessing a 

logical data entity is achieved by accessing one of its incarnated data objects, either locally or 

remotely through an interface. For data coherence, all accesses are controlled by the runtime 

support system. It maintains information about the state of all application data and grants access 

privileges as needed. The state diagram applied by the runtime support system individually to 

each data entity is shown in Fig. 1. A state change can be triggered by various events, such as an 

SI issue or commitment. During the process of changing the data state, the runtime support 

system may incarnate a new object, notify relevant incarnated objects to adjust their internal 

contents or persist/move data to external files. Only the entire set of relevant objects can 

represent the corresponding data entity completely and correctly; an individual object may 

contain partial data. 
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Fig. 1. State transition diagram for logical data entities. 

 

More specifically, data can be in any of the following states during their lifecycle. 

1. Uninitiated: the actual data does not exist and, therefore, cannot be incarnated. Thus, no 

access is allowed. There is just an ID that can be used to create “readable” data.  

2. External: the data resides in external storage and is not represented by any incarnated object. 

Data cannot be accessed directly by application programs.  

3. Readable: the data is incarnated. There exists at least one incarnated object (called the 

master object) associated with this data and there may be more incarnated objects (called 

slave objects); each incarnated object resides in the context of an IEU. The IEU that holds the 

master incarnated object is called the host of the data.   All clients of this data, which are 

generally SIs in SFs, can get the content of this data but they cannot modify it. These objects 

may have different internal formats but they contain identical information for the same data. 

An SI can get complete information of the data from a local incarnated object.  If an 

incarnated object does not exist locally, a slave object will be created by the runtime system. 

Maintaining data consistency is the responsibility of the runtime support system. Master data 

objects may be floating around IEUs as deemed appropriate by the runtime support system in 

attempts to improve the overall performance. It is important to differentiate between the 

master and slave objects. If the runtime system needs to create another slave object, it can 

always turn to the host of the data to create a clone of the master object. If it needs to free 
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space in the cache, it can discard any slave object; however, it cannot discard a master object 

before it transfers this title to a slave object or copies the data into external storage and 

changes the data state into “external.” 

4. Writeable: the data is incarnated in an IEU. Unlike “readable” data, there exists only a single 

incarnated object that a local SI can access exclusively. The local interface enables both read 

and write operations by the SI. Once an SI gets the access privilege for “writeable” data, no 

other SI will be issued for this data. The only event that can change the state is commitment 

of this SI that sends the data into the “readable” state. Therefore, there is no arrow shown that 

comes back to the “writeable” state in Fig. 1. 

5. Remote_updateable: similar to “writeable” data, there exists only one incarnated object. 

However, data can be updated by either local or remote SIs. If the incarnated object does not 

exist in the process context that the respective SIs are executing, data can be accessed 

through a specified remote access interface provided by the runtime support system.  

6. Distributed_updateable: similar to “readable” data, a data entity is incarnated in the form of 

objects distributed among IEUs.  However, individual incarnated objects may contain partial 

information.  Only the collection of all of its incarnated objects can completely represent a 

logical data entity. SIs can modify data through their local incarnated objects. If there is not a 

local incarnated object, the runtime system can create one on demand. This state differs from 

the “remote_updateable” state in one more way. A synchronization operation is needed to go 

to the “readable” state after all distributed update accesses have been completed. 

7. Discarded: this is the final state of logical data in their lifetime. In this state the logical data 

entity is no longer accessible and its incarnated objects are no longer needed. The runtime 

support system can recycle the resources previously allocated to these incarnated objects. 

When an SI is issued or committed, a state change is normally triggered for used data. 

For a particular SI, however, one of its operands may not change state. For example, when an 

entity is “readable,” issuing an SI reading this data will keep the data in the “readable” state. This 

is shown by a one-state loop in the state diagram. This is also true for the “remote_updateable” 

and “distributed_updateable” states. An SI that wants to access data for an update or distributed 

update computes and passes a modifier for data merging through an interface provided by the 

runtime system. Modifier computation is separated from data operation. The real incarnated 
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object is encapsulated under the interface and may be hosted locally or remotely. Thus, SIs are 

freed from hosting data objects.  

At runtime the system grants data access privilege to an SI on demand based on the state 

of the requested data. The state is kept unchanged until the SI commits. The SI may be granted a 

“read,” “write,” “update” or “distributed_update” privilege when the corresponding data is in the 

“readable,” “writeable,” “remote_updateable” or “distributed_updateable” state, respectively. If 

the accessed data is in the required state or can change to that state, the SI will be issued; 

otherwise, it will not. Only one kind of access privilege is granted for given data at any moment. 

Since no SI accesses data in the “external” state, a change to another state will occur if needed.  

The “write” privilege can be granted exclusively to a single SI. A privilege for the other three 

types of access can be shared by multiple SIs. When the SI commits (i.e. finishes execution), the 

system revokes its privileges and either keeps the data state unchanged or changes it to 

“readable.” Thus, there is no state change among “writeable,” “remote_updateable” and 

“distributed_updateable.” 

3. Experimental Results 

 To demonstrate the effect of our approach, we have implemented the proposed runtime 

support system and carried out experiments. Our experiments were performed on a PC cluster 

with 8 dual-processor nodes. Each node has two 1.2 GHz AMD Athlon processors, 1GB of 

memory, 64KB level-1 cache and 256KB level-2 cache. The PCs run Red Hat 9 and are 

connected via a full-duplex 100Mbps Ethernet switch.  An NFS shared file system is 

implemented. 

 

3.1. Experimental Setup 

We implemented a runtime support environment for our SPM model. A process is 

launched on each PC to implement an IEU [4]. Once an SI is assigned to an IEU, based on the 

meta data of the SI and its operands the runtime system prepares incarnated objects, picks up a 

computation method for realizing the SI and then launches a thread to execute the SI. Threads 

are scheduled by the local operating system. The type of data access for an operand is included in 

the meta data. SIs are not allowed to communicate with other SIs or to access external storage. 

All required data become available to them before they begin execution. The runtime 
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environment and the SIs were implemented in the Java language. An IEU can handle multiple 

SIs simultaneously, up to a predefined limit.  The actual number of SI threads running on each 

node was monitored. Information was logged for SI data access types, start and stop times, and 

execution times. Statistical data were extracted from the logged information. Wall clock time 

was used for the total execution time. 

We used matrix multiplication in our experiments. The SPs were developed using the SFs, 

SIs and SDBs described by us in [5].  The matrices are represented as collections of SDBs, 

where an SDB contains a sub-matrix block of limited size. An SI multiplies a pair of SDBs. We 

adopted the conventional matrix multiplication algorithm for the SF. To produce uneven 

workloads for the multiplication of subblocks, large sparse matrices were chosen. The algorithm 

for the implementation of an SI is normally determined at runtime. However, in our experiments 

we always choose an algorithm that can exploit the sparsity of SDBs for better performance.  

To study the effect on the performance of distributed data representation and parallel data 

accesses, we created several versions of the SP. They differ in the way that SIs update blocks in 

the result. In the “SimpleUpdate” version, SIs assume the “writeable” state for resulting SDBs. 

In “RemoteUpdate,” SIs assume the “remote_updateable” state for resulting SDBs. In 

“DistributedUpdate,” SIs assume the “distributed_updateable” state for these SDBs. In the 

“Mixture” version, SIs assume the “writeable” state until computation begins for the last SDB in 

the resulting matrix; the remaining SIs assume the “distributed_updateable” state. Two 

scheduling policies were used to distribute SIs based on task groups [5]. All SIs in a task group 

contribute to the computation of the same SDB in the resulting matrix. In the Basic Scheduling 

Policy (BSS) that was used with all SPs, when an IEU becomes available then the IDU tries to 

issue an SI that belongs to the same task group with previously issued SIs to the same IEU. If the 

IDU cannot find such a task, then it picks up the next task from an untouched task group. If no 

untouched group exists, no SI is issued in “SimpleUpdate.” In “RemoteUpdate,” 

“DistributedUpdate” and “Mixture,” the IDU tries to issue an SI from another unfinished task 

group. The Smart Scheduling Policy (SSP) was used only with “SimpleUpdate” and “Mixture.” 

SSP and BSS differ in the selection of an untouched task group; SSP considers the history of the 

destination IEU in attempts to reuse already cached data [5]. 

  We used a set of random sparse matrices in our experiments. They are irregular with 

12.5% non-zero elements. Their properties are listed in Table 1. Multiplications are carried out 
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for non-zero elements only. The SP versions applied to these matrices are shown in Table 2. S, R, 

D and M stand for the “SimpleUpdate,” “RemoteUpdate,” “DistributedUpdate” and “Mixture” 

SPs, respectively, with BSS. G and N represent the “SimpleUpdate” and “Mixture” SPs, 

respectively, with SSP. We employed 1, 2, 4, 6 and 8 nodes in the experiments. The maximum 

number of SIs assigned simultaneously to an IEU was six, with an exception for the 256r1 case 

that varies this limit from one to eight; this approach was used to confirm that our chosen 

number of threads is reasonable. 

Table 1. Matrix properties. 

Matrix name Size Number of blocks SDB size 

M11 4096x4096 32x32 128x128 

M12 1024x16384 8x128 128x128 

M13 16384x1024 128x 8 128x128 

M22 4096x4096 16x16 256x256 

M23 1024x16384 4x64 256x256 

M24 16384x1024 64x 4 256x256 

M25 2048x32768 8x128 256x256 

M26 32768x2048 128x8 256x256 

   

Table 2.  Experimental setup for matrix multiplication.  

Case name Operands Simultaneous threads limit SP version 

256r1 M25, M26 1, 4, 6, 8 S, D, M, G, N 

256r2 M23, M24 6 S, R, D 

128r M12, M13 6 S, R, D 

256s M22, M22 6 S, R, D 

128s M11, M11 6 S, R, D 
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3.2. Results 

The net CPU time to execute an SI that multiplies a pair of sub-matrix blocks was 

measured by running the SI 100-1000 times with several operands preloaded in the memory 

using a separate pilot program, and averaging the resulting times. The time is 1.0ms and 18.5ms 

for SDBs of size 128x128 and 256x256, respectively. 256x256 SDBs take longer time because of 

two reasons. Completely caching these larger SDBs in the level-1 cache of a node is impossible. 

Also, the spatial locality of used data is low in sparse matrices for accessing indirectly non-zero 

elements. The speedup of R and D relative to that of S is shown in Fig. 2 (S is normalized to 1).  

The average number of simultaneous threads is shown in Fig. 3 and represents the actual degree 

of parallelism in the SPs. The local cache miss ratio is shown in Fig. 4.  

For the 256r1 case, we varied the limit on the number of concurrent threads from one to 

eight. The execution time of the SPs and the actual degree of parallelism are shown in Fig. 5 and 

6, respectively. After executing a set of SIs that access the same data for “distributed_updates,” a 

synchronization operation is needed to merge the distributed information into a master SDB 

before changing the data state to “readable.” The average synchronization time under various 

conditions is shown in Fig.7. 
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Fig. 2. Performance of R and D relative to S for various data writing methods.  

 10



256r2

0

1

2

3

4

5

1 2 4 6 8
Number of nodes

D
eg

re
e 

of
 

pa
ra

lle
lis

m

 

128r

0

1

2

3

4

1 2 4 6 8
Number of nodes

R
D
S

 

256s

0
1
2
3
4
5
6

1 2 4 6 8
Number of nodes

D
eg

re
e 

of
 

pa
ra

lle
lis

m

 

128s

0

1

2

3

4

1 2 4 6 8
Number of nodes 

 
Fig. 3. The effect of the data access method on the actual degree of parallelism.  
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Fig. 4.  The local cache miss ratio for data accesses.  
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Fig. 5.  The effect of multithreading on the execution time for 256r1.  
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Fig. 6.  The effect of the limit of threads per node on the actual degree of parallelism for 256r1. 
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Fig. 7.  Average synchronization time for a sub-matrix block. Block size: (a) 256x256. (b)  

128x128. 
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4. Performance Analysis 

R is slower than S in Fig. 2 because it suffers from high communication overhead for 

remote accesses. In most cases D is faster than S because it allows concurrent updates and 

decreases the penalty via a single synchronization at the end. However, when the number of 

nodes is very small the former benefit of D may not compensate for the synchronization 

overhead. From Fig. 2 and 3 we can see that there is correlation among the data access method 

for writes/updates, the degree of parallelism and the performance of SPs.  The long 

communication latency has an adverse effect on the performance in PC clusters. SPM uses 

multithreading to hide this latency and employs coarse-grain tasks (i.e., SIs) to decrease its effect 

[4,5]. Since efficient multithreading requires enough parallelism, we must investigate the factors 

that affect it. Although the limit on the concurrent SIs for an IEU is six in Fig. 3, the actual 

number of concurrent threads is significantly lower. In the 128s and 128r cases, it is less than 3. 

One reason is the time needed for an SI to reach the IEU; this time depends on both the network 

latency and the efficiency of the IDU. Another reason relates to the way that SPs exploit the 

intrinsic parallelism in the problem.  

In block-wise matrix multiplication, there are two types of parallelism. The first is inter-

block parallelism (eP) appearing when all SDBs in the resulting matrix are computed in parallel. 

The second is intra-block parallelism (aP) involving the multiplication of pairs of sub-matrix 

blocks for a resulting SDB. For nxk and kxm SDBs, these degrees of parallelism are equal to 

nxm and k, respectively.  Because of its exclusive writes, “SimpleUpdate” can only exploit inter-

block parallelism. “RemoteUpdate” and “DistributedUpdate” can exploit both types of 

parallelism since SIs separate their computations from actually updating the resulting SDBs. The 

eP and aP parallelism in each experiment are shown in Table 3. In the 256s and 128s cases, the 

total eP is 256 and 1024, respectively. With 8 nodes and equibalancing, the theoretical limit on 

eP per node is 32 and 128, respectively; these numbers are much larger than 5 (the upper bound 

on the actual parallelism, as shown in Fig. 3). The actual parallelism drops because of the 

overhead in delivering SIs. This explains the small difference in actual parallelism among SPs. In 

contrast, in the 256r2 case the theoretical eP is only 16. When the number of nodes equals 4, 6 

and 8, the eP per node is only 4, 2.66 and 2, respectively. However, by combining eP with aP in 

the D SP, the parallelism increases substantially (see Fig. 3). This also explains why the actual 
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parallelism drops significantly in S while it decreases slightly in D with increases in the number 

of nodes. 

Table 3. Intrinsic degree of parallelism in our experiments. 

Experiment Inter-block parallelism (eP) Intra-block parallelism (aP) 

256r2 16 64 

256r1 64 128 

128r 64 128 

256s 256 16 

128s 1024 32 

 

We can now investigate the effect of parallelism on performance. SPM allows data 

communications only in the beginning and at the end of an SI’s execution [4]. The execution of 

multiple SIs under this scheme can follow a pipelined manner. Multithreading overlaps the pre-

fetching of remote operands with the execution of previous SIs, and also result storing/updating 

with the execution of new SIs. Assume that the latency to get a remote SDB is tr; the probability 

to need a remote access is r; the average number of input operands per SI is n0; and the net CPU 

time to execute an SI is te. If the actual degree of parallelism is larger than pc = (r * n0 * tr)/ te, 

then the communication latency can probably be hidden. 

Based on experiments with SDBs of size 128x128, the value of pc is 1.41, 5.46, 9.86 and 

12.97 with 2, 4, 6 and 8 nodes, respectively. Thus, these SDBs have fine granularity and the long 

communication latency cannot be hidden well. The system works under the delay bound 

condition [4]. For SDBs of size 256x256, the value of pc is 0.57, 1.58, 2.18 and 2.60 with 2, 4, 6 

and 8 nodes, respectively.  In these cases the communication latency can be completely hidden. 

The system works under the CPU bound condition [4]. For this reason, the cases of 256s and 

256r2 yield better performance than 128s and 128r, respectively. For matrix multiplication with 

same sized matrices, the former take less than half the time (case 256s versus 128s and case 

256r2 versus 128r). In the case of 256r2 the difference in the actual degree of parallelism 

between the SPs is significant. The actual parallelism in “DistributedUpdate” is greater than 4 

(see Fig. 3), and greater than or close to the critical value pc. The actual parallelism in 
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“SimpleUpdate” is lower; in fact, it is lower than pc for 6 and 8 nodes. This explains the large 

difference in performance for the 256r2 case  shown in Fig. 2.  

Based on this analysis, increasing the actual parallelism can improve performance up to a 

point under the delay bound condition. Further increasing parallelism would increase the number 

of SIs competing for the local CPUs and would extend the lifespan of SIs. This behavior is 

verified in Fig. 5 and 6. From Fig. 6 we can see that the actual degree of parallelism increases by 

increasing the maximum number of threads per node. The execution time of the SPs, however, 

decreases significantly only when the maximum number of threads increases from 1 to 4. Further 

increasing the maximum number of threads results in insignificant execution time decreases.  

Although “distributed updates” increase parallelism, they require synchronization 

operations. Their overhead is insignificant compared to the gains.  The available parallelism may 

vary during execution. In our experiments, the intrinsic eP decreases gradually as execution 

progresses. The inter-block parallelism is not enough only close to the end of the execution. Thus, 

expensive “distributed update” operations are only needed during the latter part of the SP’s 

execution. We could then combine “write” with “distributed update” operations to get the benefit 

of the latter with a reduced overhead. Fig. 5 testifies to this effect. Good performance is obtained 

by combining multithreading with the distributed representation of application data.  

5. Comparison with Other Programming Models 

Let us now compare our SPM model with others facilitating concurrent accesses. SPM 

adopts shared-memory concepts. Its key differences lie in granularity size and access constraints. 

Other models normally assume fine-grain data. They usually directly map data onto specific 

memory locations in a universal/program address space [15]. For shared-memory architectures, 

this mapping is direct. For distributed shared-memory architectures, the mapping is implemented 

by middleware [8,15]. A logical address is mapped to multiple physical addresses and the 

runtime support system handles data consistency among the latter [2]. Thus, application data are 

ultimately associated with physical locations. However, physical memory models limit data 

accesses to reads and writes. In SPM we use much coarser data represented by incarnated objects 

that facilitate more access operations. 

We also use a message-passing approach to exchange messages between IEUs. However, 

our overall data representation approach is different than those used by message-passing 
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programming models. In the latter cases, application data is partitioned into several disjoint sets 

where each process holds a set. Data is represented locally with incarnated data structures in the 

particular process context, using a sequential model. There does not exist a universal global 

logical address space. Instead, each process has its own local logical space. Other application 

data can be requested via message-passing channels. We cannot consider received data as 

another representation of the original data but as newly created application data. This is because 

programmers control data. The communication logic is embedded into the application code. 

Local modifications do not reflect directly on the original data. Contrary to this, any data entity 

in SPM can be split and distributed; data coherence is maintained by the runtime support system. 

In our runtime support system, incarnated data objects are cached in IEUs similar to 

COMA (Cache Only Memory Access) machines [6]. The data state information is held by the 

IDU. The host of the data can be changed if the current host cannot longer afford to host the 

master incarnated object. The key differences are:  1) The grain to be cached in SPM is an 

incarnated object; it is a memory line in COMA. 2) Data coherence in COMA is implemented in 

hardware; SPM employs software with communications via the general-purpose network. 3) 

COMA distributes only data but not their representations. Any cached copy of data either 

includes all information or is invalid. On the other hand, SPM distributes both data and their 

representation. In some states, some incarnated objects may not provide complete information.  

This distributed representation makes parallel updates possible. 

Data in SPM resemble objects in object-oriented models. All of them encapsulate their 

contents, are accessed through interfaces and can even be accessed remotely. CORBA [12] and 

EJB [11] are good examples. EJB is closer since it can associate dynamically abstract data with 

incarnated objects. However, they differ as follows: 1) SDBs have limited size; EJB entities do 

not. 2) The representation of EJB entities is centralized; an EJB entity never appears in multiple 

containers and cannot be accessed concurrently [9]. However, SPM data may be represented by 

multiple incarnated objects in different IEUs and can be accessed in parallel. 3) An EJB entity 

always resides in a deployed container and relevant computations are always executed in this 

container. In contrast, SIs in SPM are free to execute in any IEU and the incarnated objects of a 

single data entity may float among IEUs. 

 

6. Conclusions  
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In distributed computing environments, such as PC clusters, data virtualization can 

benefit performance. Using our SPM technique, not only do we distribute different application 

data throughout the system but we can also distribute the representation of a single logical data 

entity. This representation is split into a set of incarnated objects. Different incarnated objects in 

the same set may reside in different computer nodes. Each incarnated object may include the 

entire content of the logical data or partial information. The distributed representation of logical 

data facilitates the sharing of logical data among multiple processes. It alleviates various 

restrictions on accessing data in parallel and eventually increases the parallelism of application 

programs. This reduces the chance of a node being idle while waiting for requested data and 

eventually improves the overall performance. 
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