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Chapterr 4 

Semi-Empiricall  Modeling of 
Parallell  Low Level 
Imagee Processing Operations* 

"Pour"Pour avoir une vérité il  faut deux facteurs — un fait et une abstraction. " 

Remyy de Gourmont (1858 - 1915) 

Ass described in Chapter 3, for each sequential algorithmic pattern available in our li -
braryy we have implemented only one parallel counterpart. Because no single parallel 
implementationn is guaranteed to provide optimal performance on all target platforms, 
eachh operation is implemented such that it is capable of adapting to the specific per-
formancee characteristics of a parallel machine at hand. In the previous chapter we 
havee indicated that two of the parameters that determine an application's parallel 
performancee are fixed in the library implementations: i.e., the parallelization granu-
laritylarity  (or, the amount of computation performed between two communication steps) 
ass well as the data dependencies. Optimization decisions relating to several additional 
parameters,, however, are still made at application compile time, and even at run time. 
Suchh parameters include (1) the logical processor grid to map data structures onto, 
(2)) the routing pattern for the distribution of data, (3) the number of processing 
units,, and (4) the type of data distribution (e.g., broadcast instead of scatter). 

Too make optimization decisions automatically, knowledge is required of the per-
formancee characteristics of the routines applied in a particular application. In our 
softwaree architecture we have incorporated this knowledge by annotating each user-
callablee library operation with a performance model for run time cost estimation. Due 

*Thi ss chapter combines our papers published in Proceedings of the 7th International Euro-Par 
ConferenceConference (Euro-Par 2001) [147] and Parallel Computing [149]. 
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too the intended portability of the software architecture to clusters, the performance 
modelss have been designed to be applicable to all machines in this class of architec-
tures.. Also, the complexity of the models is kept to a minimum to allow high-speed 
evaluationn of complete applications possibly even at run time. In addition, the 
modelss are capable of generating estimations of sufficiently high accuracy to allow 
optimizationn decisions to be made correctly. 

Inn the literature a multitude of performance analysis and modeling techniques has 
beenn described. The techniques range from direct measurement to detailed mathemat-
icall  and simulation models, and adhere to widely varying performance requirements 
inn terms of both estimation accuracy and speed of evaluation. As will be discussed in 
thiss chapter, a major problem with existing performance estimation techniques is that 
thesee generally incorporate a direct relationship between the estimation accuracy and 
thee technique's complexity (for example, the number of model parameters). In other 
words,, increased estimation accuracy is obtained at the expense of greater complexity 
andd reduced evaluation efficiency. 

Inn this chapter we propose a semi-empirical modeling technique that is specif-
icallyy designed to overcome this problem. While being simple and portable, the 
semi-empiricall  modeling approach also provides a sufficiently high estimation accu-
racy.. The approach is based on a high-level abstract machine definition (the Abstract 
Parallell  Image Processing Machine, or APIPM) which is designed to capture typical 
behaviorr of low level image processing operations executing on a cluster. From the 
APIPMM  instruction set a high-level abstract performance model is obtained that is 
applicablee to all such platforms. The crux of the semi-empirical modeling approach 
iss that an additional benchmarking phase is required to capture implicit but essential 
costt factors, and to bind each abstract, model parameter to a concrete performance 
estimationn for a parallel machine at hand. 

Hence,, the primary research issue addressed in this chapter is as follows: How to 
applyy benchmarking in combination with simple analytical models to obtain accurate 
performancee estimates for optimization of complete parallel image processing applica-
tions?? In this respect, it is interesting to note that this research issue closely relates to 
thee more general problem statement put forward by Professor Tony Hey in his invited 
talkk at the Euro-Par 2001 conference: "The ultimate goal in the field of parallel and 
distributedd computing is to use a combination of benchmarking kernels and simple 
modelss for accurate performance estimation of full applications" [68]. Essentially, our 
APIPM-basedd semi-empirical modeling approach forms a domain-specific solution to 
thiss much broader — and as of yet: unsolved — problem. 

Thiss chapter is organized as follows. Section 4.1 investigates the requirements for a 
performancee estimation technique to be applied in our software architecture. Several 
existingg approaches are evaluated according to these requirements as well. On the 
basiss of two estimation techniques described in the literature, a generalized description 
off  our semi-empirical modeling approach is given in Section 4.2. Section 4.3 introduces 
thee APIPM and its instruction set. The APIPM-based performance models, and the 
appliedd benchmarking technique, are presented in Section 4.4. In Section 4.5 model 
predictionss are compared with results obtained on a real machine from the class of 
platformss under consideration. Concluding remarks are given in Section 4.6. 
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4.11 Computer System Performance Estimation 

Thee success of our software architecture greatly depends on the quality of the code 
optimization,, which is to be performed automatically, hidden from the user. Code 
optimizationn is implemented by leaving each operation in the library a choice be-
tweenn several parallelization strategies. Each such strategy has a different effect on 
thee performance on each parallel platform. By providing accurate estimations of 
thee performance of each strategy for the parallel machine at hand, the fastest code 
alternativee is selected with ease. 

Thee effectiveness of the optimization process entirely depends on the technique 
forr estimating the performance of a computer system. In the following we present 
thee general requirements for a performance estimation technique to be applied in our 
softwaree architecture. In the light of these requirements a short evaluation is given of 
thee most significant estimation approaches described in the literature. 

4.1.11 Estimation Technique: Requirements 

AA performance estimation technique designed for our purposes should incorporate all 
relevantt tasks typically performed by data parallel imaging operations. In our case 
suchh tasks relate to either computation, communication, or I/O. Computational tasks 
includee all parallelizable patterns as defined in Chapter 3, as well as the basic memory 
operationss for creation, destruction, and copying of data structures. Communication 
taskss are formed by the bulk of operations from the set of parallel extensions described 
inn the previous chapter, including overlap communication and all distribution and 
redistributionn routines. I/O tasks include all operations for transporting data between 
aa processor's main memory and external devices such as disk drives and cameras. 

Apartt from having to reflect the typical behavior of parallel low level image pro-
cessingg routines, the performance estimation technique should also conform to the 
followingg (more general) requirements (similar to [62]): 

1.. Simplicity. In a realistic estimate, the number of samples is proportional to 
thee number of parameters. To reduce the costs of performance evaluation, the 
numberr of free parameters should be kept to a minimum. 

2.. Accuracy. To make sure the architecture can make correct optimizations, the 
generatedd performance estimations must be of sufficiently high accuracy. The 
degreee of accuracy is considered sufficient if correct decisions are made in at 
leastt 95 percent of all cases, and poor decisions are generally avoided. 

3.. Applicability. For portability, the performance evaluation technique integrated 
inn our software architecture must be applicable to all clusters. 

Itt is important to note that — in general — the requirement of simplicity enhances 
applicability,, but reduces accuracy. Therefore, care must be taken in the design of 
thee estimation technique to ensure that it can produce good performance estimates 
withh relative ease. 
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4.1.22 Estimation Techniques in the Literature 
Techniquess for computer system performance estimation abound in the literature. 
Roughlyy speaking, each such technique can be classified into one of three main cate-
gories:: (1) measurement, (2) modeling and (3) hybrid methods. Estimation techniques 
thatt belong to the second category can be further divided into the subcategories of 
(2a)) mathematical analysis and (2b) simulation [72]. 

Categoryy 1: Measurement 

Performancee estimation by measurement is generally performed on a real system 
underr conditions that reflect typical workload and behavior. Execution times of real 
problemss are then inferred from measured results. Application of this approach in our 
softwaree architecture has several drawbacks. First, in many cases the complete system 
too be evaluated has yet to be developed, and may change over time. Second, even if a 
completee system is available it is often not clear what workload is realistic or typical. 
Finally,, if the measurement process is biased towards certain aspects of the underlying 
hardware,, the measurement technique may not be applicable to other platforms. 

BenchmarkingBenchmarking is an alternative technique, which is often used for comparison of 
multiplee computer systems (e.g., see [39, 69, 167]). Rather than reflecting typical 
behavior,, benchmarks often represent non-typical, artificial workloads. In compari-
sonn with direct measurement, benchmarking has the advantage that the system to be 
evaluatedd does not have to be available. The use of non-typical workloads, however, 
oftenn has a negative effect on the accuracy of the performance estimations. A solu-
tionn — albeit complex — is to capture results for small instruction mixes and a variety 
off  workloads, and to interpret the measurement results with utmost care [44, 156]. 

Categoryy 2: Modeling 

Performancee modeling can be applied in cases where direct measurement is too costly, 
orr where the computer system to be evaluated is not available. In the category of 
mathematicalmathematical analysis, models range from simple (linear) algebraic expressions to 
complexx formalisms such as queueing networks [72, 135]. In general, such models 
havee a high response time due to their ease of evaluation. An additional advantage is 
thatt parameter values may be varied to observe their relative impact on performance. 
However,, to obtain high estimation accuracy, the large number of model parameters 
mayy violate the simplicity and applicability constraints. 

Inn simulation models behavior and workloads are described (imitated) in a special 
computerr program — usually an annotated or otherwise adapted version of a 'real' 
programm [72, 123]. Performance predictions are obtained by monitoring the execution 
off  the adapted program. The main advantage of simulation models is that dynamic 
systemm behavior is easily captured. Also, simulation makes it easy to 'zoom in1 on 
interestingg or expensive parts of a system. A disadvantage is that the system to be 
evaluatedd must be available, at least in some rudimentary form. Another drawback 
iss that it is a costly method for obtaining even moderately accurate performance 
estimates,, thus violating the simplicity constraint. 
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Categoryy 3: Hybri d Methods 

Inn hybrid estimation techniques a combination of measurement and modeling is ap-
pliedd [108, 172]. Such techniques have the advantage that the complexity of using 
eitherr measurement or modeling in isolation can be avoided, while a high level of esti-
mationn accuracy can still be obtained. The following discusses two hybrid approaches 
thatt form the basis for the estimation technique applied in our software architecture. 

1.. Machine Characterization Based on an Abstract Fortra n Machine 

Inn [133], Saavedra-Barrera et al. acknowledge that many state-of-the-art sequential 
computerr systems have become too complex to be accurately captured in a mathemat-
icall  model. The authors measure system performance in terms of an Abstract Fortran 
Machinee (AFM) — an approach referred to as narrow spectrum benchmarking. The 
AFMM instruction set consists of the primitive operations available in Fortran, such as 
arithmeticc and logical functions, procedure calls, loops, etcetera. All primitive oper-
ationss are measured separately, and the combined set of measurements characterizes 
aa specific machine. The approach is based on the assumption that the execution time 
off  any program can be partitioned into independent time intervals, each correspond-
ingg to one AFM instruction. Although, in general, high level operations are never 
completelyy independent (e.g., due to compiler optimizations), the authors have shown 
thatt the assumption is reasonably accurate for a wide range of systems [132]. It should 
bee noted that an earlier technique, described by Peuto et al. [122], is similar to the 
AFM-basedd approach. It is different, however, in that all machine characterizations 
aree incorporated at the much lower level of machine instructions. 

Thee model of the total execution time of a program A as described in [133] is 
formalizedd as follows. Let P M — (Pi, P2,  , Pn) be the set of parameters that char-
acterizess the performance of machine M. Each of the n performance parameters is re-
latedd to a different operation in the AFM instruction set. Let CA = (Ci, C2,  , Cn) 
bee the normalized dynamic distribution of the AFM instructions present in pro-
gramm A, and let Ctotai denote the total number of AFM instructions executed in 
programm A. The expected execution time of program A on machine M is then ob-
tainedd by 

nn n 

TA,MTA,M = Ctotai 2_  ̂C{Pi — Ctotai Â - P M , with ^ Cj = 1. 
i=\i=\  i-\ 

Thee authors indicate that the only way in which this linear model can give accurate 
resultss is when (1) the measurements of the AFM instructions are representative of 
typicall  occurrences in real programs, (2) errors caused by the intrusiveness of the 
measurementss are not significant, and (3) variance in the mean execution time caused 
byy the system, and by the instructions themselves, is small. Still, experiments have 
shownn that for many applications the performance predictions were sufficiently close 
too actual execution times. In general, occurrences of bad estimations were easily 
explainedd by code optimizations performed by the compiler, which had not been 
capturedd in the benchmarking process. 
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2.. Incorporatin g System Variance by Adaptiv e Sampling 

Thee AFM-based approach of narrow spectrum benchmarking provides a solution to 
thee problem of the high complexity of complete analytical study of computer systems. 
AA drawback of the approach, however, is that system variance is almost completely 
ignored.. For applications working on extensive dense data fields {e.g.. image data 
structures)) this is too crude a restriction as variations in the hit ratio of caches and 
systemm interrupts often have a significant impact on performance [59. 136]. 

Inn [90] a prediction method is presented that incorporates both program behavior 
andd machine variance. The predictions are based on the approach of adaptive sam-
pling,pling, which is constrained by a fixed time budget for all measurements. In other 
estimationn methods significant inaccuracies in performance estimates may arise, as a 
knownn execution time for one input size is often a poor predictor of the performance 
forr other input sizes. In general, the main source of variation is due to the availability 
off  small amounts of fast cache memory. As there is a decreasing portion of data 
residingg in cache with increasing input size, linearity in response is disturbed. 

Thiss problem is attacked by the adaptive sampling approach, which measures the 
executionn time of an algorithm for several input sizes. The advantage of the approach 
iss that, in part, it also incorporates sources of variation inherent to an application. In 
matrixx multiplication, for example, a linear increase in the sizes of the data-structures 
beingg applied results in a non-linear growth in execution time. Another nice feature of 
thee approach is that it fixes the time needed for the measurement process. One may 
bee tempted to run a benchmark at the largest size believed to fit  within the budget. 
However,, due to the many possible sources of variation the assumed execution time 
mayy be far from realistic. 

Somee image processing functions (e.g.. data-driven segmentation) have an inherent 
randomness,, and an execution time that is much less predictable. For such algorithms 
itt is difficult to obtain accurate estimations on the basis of adaptive sampling. Another 
problemm is that the approach may only measure small sized inputs not representative 
off  typical workloads. As will be discussed in Section 4.4. due to these latter two 
problemss we have chosen to apply a measurement technique similar, but not identical, 
too the adaptive sampling approach. 

AA Combination of Techniques 

Fromm the presented overview we conclude that several effective estimation techniques 
existt that are based on measurement, modeling, or a combination thereof. Unfortu-
nately,, no estimation technique exists that provides a level of abstraction that is truly 
applicablee for optimization of applications implemented using our software architec-
ture.. Also, many measurement techniques have proven to be a weak basis for accurate 
performancee estimation, as the impact of system variance is often ignored [90]. 

Inn the following section we present a description of the performance estimation 
approachh applied in our software architecture. Essentially, it is a combination of the 
twoo hybrid techniques described above, as it integrates the impact of system variance 
withh high level abstractions relevant for image processing applications. We refer to 
ourr approach as semi-empirical modeling. 
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4.22 Semi-Empirical Modeling 
Ass stated, any accurate performance estimation technique should cover all relevant 
aspectss of a computer system under consideration. Consequently, many existing esti-
mationn techniques incorporate detailed behavioral abstractions relating to the major 
componentss of such a system [72, 100], a.o. including: (1) the central processing unit, 
(2)) the memory hierarchy, including multiple cache levels, (3) I/O devices, (4) the 
interconnectionn network, (5) the operating system, and sometimes also (6) a spe-
cificc piece of application software. A major problem with this approach is that one 
mayy need tens, if not hundreds, of platform-specific machine abstractions to obtain 
trulyy accurate estimations. Consequently, the essential requirements of simplicity and 
applicabilityapplicability as put forward in Section 4.1.1 are not satisfied. 

Too overcome this problem we have designed a new technique for performance esti-
mationn of parallel image processing applications running on clusters. The technique, 
whichh we refer to as semi-empirical modeling, allows for high-speed evaluation of 
completee applications or any relevant constituent subtask. Also, the technique is suf-
ficientlyy accurate to allow correct optimization decisions to be made automatically, on 
anyy machine in the class of target platforms. The semi-empirical modeling approach 
iss based on three essential ingredients: 

1.. A high level abstract machine definition for parallel low level image processing 
(thee APIPM), including a related instruction set. 

2.. A simple, APIPM-based, linear performance model related to each user-callable 
libraryy operation. 

3.. A benchmarking method — aimed at the application domain of low level image 
proceessingg — to capture essential cost factors not made explicit in the models. 

Inn other words, the technique is based on a combination of relevant abstraction, simple 
modeling,modeling, and domain-specific measurement. 

Thee essence of the semi-empirical modeling approach is that any behavior or cost 
factorr that can not be assumed identical for all target platforms is abstracted from in 
thee definition of the model parameters. To still bind each abstract model parameter 
too an accurate performance estimation for a parallel machine at hand, benchmarking 
iss performed on a small set of sample data to capture all such essential, but implicit 
costt factors. In the remainder of this chapter the three essential ingredients of our 
modelingg approach are discussed in more extensive detail. 

4.33 Abstract Parallel Image Processing Machine 

Ass in the AFM-based approach described in Section 4.1.2, we have introduced well-
definedd system abstractions by specifying a high level abstract machine for image pro-
cessing:: the Abstract Parallel Image Processing Machine, or APIPM. In the APIPM 
commonn hardware characteristics of the target machines are reflected by the definition 
off  abstract hardware components. In addition, the typical behavior of the routines to 
bee run are reflected in a related instruction set. 
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4.3.11 APIPM Components 
Ann APIPM consists of one or more identical abstract sequential image processing ma-
chiness (ASIPMs), each consisting of four closely related components (see Figure 4.1): 

1.. a sequential image processing unit (SIPU), capable of executing APIPM instruc-
tions,, one at a time, 

2.. a memory unit, capable of storing (image) data structures, 

3.. an I/O unit, for transporting data between the memory unit and external sens-
ingg or storage devices, 

4.. data channels, the means by which data is transported between the ASIPM 
unitss and external devices. 

Althoughh the memory unit of each ASIPM is connected with those of all other 
ASIPMs,, no ASIPM has direct access to data maintained by any other ASIPM. The 
ASIPMss are ordered and identified by a unique number. The range of valid identifiers 
iss 0. ...,7V - 1, where N is the number of ASIPMs in the APIPM. Each ASIPM has 
knowledgee of the range of valid identifiers, and of its own unique number. 

Thee definition of the APIPM reflects a state-of-the-art homogeneous commodity 
cluster.. It only differs from a general purpose machine in that each sequential unit is 

ASIPMM 0 

Sequentiall  Image 
Processingg Unit 

rc~-rc~-
I/OO Unit 

Memoryy Unit 

Sequentiall  Image 
Processingg Unit 

ASIPMM 2 

>o o ^ \ \ 
2^ 2^ 

Memoryy Unit 

I/OO Unit 

J J 

£ £ 
*i *i 

n n 
I/OO Unit 

Memoryy Unit 
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ASIPMM 1 

L— — 
Sequentiall  Image 
Processingg Unit 

Memoryy Unit 

I/OO Unit 

Sequentiall  Image 
Processingg Unit 
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Figuree 4.1: Abstract Parallel Image Processing Machine (APIPM) comprising of f our 
ASIPMs. ASIPMs. 
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designedd for image processing related tasks only. Each ASIPM is capable of running 
codee individually, independent of all other ASIPMs. The programs executed by each 
ASIPMM need not be identical. Exchange of data between processing units is possible 
byy communication over the interconnecting data channels. 

Althoughh most realistic clusters do not have a fully connected communication 
network,, we have decided to include one in the APIPM. This is because in modern 
multicomputerr systems data transfer between nodes that are not directly connected 
doess not require the intermediate nodes on the complete send path to be interrupted. 
Consequently,, the time required for transferring a message from one node to another 
iss not significantly influenced by the distance between the nodes. 

4.3.22 APIPM Instruction Set 

Thee APIPM instruction set (see Table 4.1) consists of four classes of operations: 

1.. Generic image processing instructions, i.e. the specialized parallelizable pat-
ternss described in Chapter 3. 

2.. Memory instructions, for allocation and copying of (image) data. 

3.. I/O instructions, for transporting data between the memory unit and external 
devices. . 

4.. Communication instructions, for exchanging data among ASPIM units. 

Forr reasons of simplicity, in the overview of Table 4.1 the operands (i.e., arguments) 
forr each opcode have been left out. A complete overview will be given in Section 4.A. 

Inn the instruction set we have included only two communication instructions (i.e., 
SENDD and RECV). Collective communication operations are not included, as these can 
bee implemented using the two point-to-point operations. The definition of the SEND 
andd RECV instructions is identical to the standard blocking communication operations 
availablee in MPI [104] (i.e., MPI.SendO and MPIJlecvO). 

Inn the abstract machine multiple real-world objects must be represented, which 
shouldd be passed as parameters to the APIPM instructions. The most prominent ob-
jectss are images, but templates, matrices, and the likes, are essential as well. In the 
instructionn set we do not introduce a special data representation for each of these ob-
jects.. As wil l be explained in detail in Section 4. A, we make use of memory references 
instead.. Such references contain information about the internal data representation, 
butt lack any semantic information. The semantics are determined by the APIPM 
instructionn the memory reference is passed to as a parameter. 

Itt is important to note that for several generic image processing operations in 
thee instruction set data element homogeneity is required. This means that the scalar 
typee and the dimensionality of the elements in multiple data structures passed as 
parameterss to a single instruction must be identical. The restriction of data element 
homogeneityy is enforced to acknowledge the differences between operations on homo-
geneouss and heterogeneous types. If homogeneity would not be required additional 
castingg or copying of data would be hidden inside the APIPM. For many instructions 
suchh additional tasks constitute a significant overhead, which must be made explicit. 
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opcode e 
UPOP P 

BPOPV V 

BPOPI I 

REDUCOP P 

NEIGHOP P 

GCONVOP P 

GEOMAT T 

GEOROI I 

opcode e 
CREATE E 

MEMCOPY Y 

DELETE E 

opcode e 
IMPORT T 

EXPORT T 

opcode e 
SEND D 

RECV V 

genericc image processing instructions 
unaryy pixel operation 

binaryy pixel operation (constant value as argument) 

binaryy pixel operation (complete image as argument) 

globall  reduction operation 

neighborhoodd operation 

generalizedd convolution 

geometricc transformation (matrix as argument) 

geometricc transformation (region of interest) 

memoryy instructions 
allocatee data block in memory unit 

copyy data in memory unit 

freee up data block in memory unit 

I/OO instructions 
importt data from external device 

exportt data to external device 

communicationn instructions 
sendd data to other ASIPM 

receivee data from other ASIPM 

Tablee 4.1: Simplified APIPM instruction set. 

4.3.33 Discussion 

Thee definition of the abstract parallel image processing machine and its related in-
structionn set is not complete, as it can not be used as a basis for an actual implemen-
tation.. This, however, is also not the reason for introducing the abstract machine. We 
stresss that the APIPM is defined to serve as a basis for platform independent perfor-
mancee models. Many components deliberately have been left out of the specification, 
too keep the APIPM-based performance models as simple as possible. 

Thee specification includes no information on how to load programs on each ASIPM 
unit.. Also, no memory area has been identified in which APIPM programs are stored, 
andd no program table or program counter has been defined. In other words, all 
hardwaree components that are essential to actually let programs run on the APIPM 
aree left out of the specification. All such components are deemed too low level to be 
off  any use in the performance models, and hence are not incorporated in the APIPM. 

Thee APIPM instruction set is not complete either. For example, the APIPM lacks 
valuee comparison and conditional jump instructions. Such instructions have a rela-
tivelyy insignificant impact on execution time, and should not be incorporated in a 
performancee model. Also, no instructions are included to set up special data struc-
tures,, such as templates, and matrices. Again, such instrtictions are essential for the 
APIPMM to run correctly, but the effect on the execution time in general is insignif-
icant.. In this respect, one may argue that the "DELETE" operation is expected to 
havee no effect on performance either, and should have been left out of the instruction 
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sett as well. However, this instruction is essential to see which memory references are 
stilll  in use, and which are not. As will be discussed in Chapter 6, this knowledge is 
off  great importance in the optimization and scheduling of complete applications. 

4.3.44 Related Work 

Inn the field of parallel low level image processing the definition and use of abstract 
machiness is relatively new. In fact, the only references we know of are all from one 
researchh group at The Queen's University of Belfast in Northern Ireland. In several 
paperss Crookes et al. [35, 36] discuss the design of a Portable Parallel Abstract Ma-
chinechine (PPAM), whose instruction set is based on the Image Algebra Language (IAL), 
whichh in turn is based on Image Algebra [131]. As discussed in Section 2.2.2, IAL is 
aa machine independent programming language capable of parallel implementation on 
aa range of distributed memory parallel machines. In later work both the PPAM and 
IALL have been extended considerably. The languages I-BOL [20] and TULIP [155] 
aree two of the more sophisticated extensions of IAL . In later papers, a more recent 
versionn of the PPAM is referred to as the EPIC abstract machine [34]. The basic 
ideass behind the abstract machines have not changed throughout the years, so in the 
remainderr of this discussion we will only consider the original PPAM. 

Thee Portable Parallel Abstract Machine is designed as the hypothetical target 
machinee for the IAL compiler. The PPAM consists of two main components: a se-
quentiall  controller (implemented on a front end machine, such as a SUN workstation), 
whichh communicates with an abstract parallel co-processor (see Figure 4.2). This co-
processorr can be any kind of parallel system. The use of the parallel co-processor by 
thee sequential controller can be thought of in rather the same way as a floating point 
co-processorr is used by a microprocessor. Although the PPAM design is dissimilar to 
thatt of the APIPM, its related instruction set is almost identical to ours. 

Thee main differences from our work stem from the fact that the PPAM is used as an 
aidd in the design of a parallel compiler rather than as a basis for a performance model 
definition.. On the one hand, the PPAM incorporates a higher level of abstraction than 
thee APIPM, as the communication aspects of parallel execution are not incorporated 
inn its definition. On the other hand, the inclusion of low level abstract hardware 
componentss (such as an instruction control unit) often makes the abstraction level 
muchh lower. Essentially, the differences in the design of the two abstract machines 
aree explained by the fact that the two research directions are non-overlapping. 

Controller r 

i i 

Ins s 
Str r 

truction n 
earn n 

Parallel l 

Co-processor r 
I/OO Channels 

Figuree 4.2: Portable Parallel Abstract Machine [36]. 
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4.44 APIPM-Based Performance Models 
Inn our software architecture, all library operations are assumed to be implemented 
byy concatenation of APIPM instructions only. Also, it is assumed that the execution 
timee of each library operation can be partitioned into independent time intervals, 
eachh corresponding to the cost of a single APIPM instruction. The performance of a 
libraryy operation is then simply obtained by adding the execution times of all APIPM 
instructionss used. 

Similarr to the AFM-based models described in Section 4.1.2, this idea is for-
malizedd as follows. Let I = { i i , /2,-- - , /n }  be the APIPM instruction set. Also, 
lett P = {PJV.PJ2,-  ,Pin} be the set of performance values for all n instructions 
inn I. We assume that, for any given system capable of running APIPM instruc-
tions,, and for each instruction in I, P/. can be obtained by benchmarking. Also, let 
LL = {Li , L2,  , L m}  be the set of all m operations implemented using instructions in 
II  only. For all library operations L x (x 6 {1,  , m}) we define L^ = {Ii,  I2,  , In}, 
inn combination with the total number of occurrences (or count) of each APIPM in-
structionn in L x : Cx = {C/ l jX , Cj2tX,  ,Cin<x}. The count of each instruction can 
havee any value in N (including 0). The expected total execution time of each library 
operationn Lx is then obtained by 

n n 

TTLxLx =^2cIuXPIt. 

Similarly,, the expected total execution time of any application implemented using our 
libraryy is obtained by adding the execution times of each library operation used. 

AA problem with the simplistic model formalized here is that most APIPM instruc-
tionss are not single static entities. This is because the execution of an instruction is 
oftenn dependent on the values of its operands. Therefore, a static entity for each pos-
siblee operand combination must be incorporated in our model. To avoid an explosion 
off  the number of static entities we allow each instruction Ii and each value Pji to 
bee parameterized. Because the operands of the APIPM instructions are discussed in 
thee appendix to this chapter (Section 4.A), a detailed overview of the model param-
eterizationn is deferred to the appendix as well. To give a straightforward example, 
however,, in almost all APIPM instructions a 'datatype' parameter is incorporated 
(e.g.,, giving I^int') and Ii{'  float')). Also, a 'data-input-size' parameter is required 
forr most performance values in P (e.g., giving Pj^datatype)^2^)  The choice of model 
parameterss is dependent on the actual implementation of each APIPM instruction. 
Forr more detailed information we refer to Section 4.B. 

Benchmarking g 

Too capture system variation without having to rely on platform specific model pa-
rameters,, the semi-empirical modeling approach requires an additional benchmarking 
phasee to be performed. For our software architecture to be used on a specific platform, 
benchmarkingg results need to be obtained only once. As long as the underlying hard-
waree layers and supporting software layers (e.g., operating system, compiler, etcetera) 
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Measuredd time (seconds) 

Figuree 4.3: Performance estimation in case of neighborhood operations and generalized 
convolutions,convolutions, whose performance values depend on two input size parameters — i.e., 
imageimage size and kernel size. Any required performance value (above represented by 
thethe small black square) is obtained by simple bilinear interpolation. In this example, 
measurementsmeasurements were performed for image sizes of 40, 90, and 250 Kb, each combined 
withwith kernel sizes of 9, 25, and 49 bytes. 

aree not upgraded, the same set of measurement results can be applied for estimation 
off  any application implemented using our parallel image library. 

Ass in the adaptive sampling approach of Section 4.1.2, in our software architecture 
eachh APIPM instruction is measured for multiple input sizes. In contrast to adaptive 
sampling,, however, we do not define a fixed time budget for all measurements. By 
defaultt we use a small, predefined set of input sizes for all benchmarking operations. 
Too avoid the benchmarking phase to be unacceptably lengthy, the set of input-sizes 
mayy be user-defined as well. 

Too capture non-linear performance growth without having to perform measure-
mentss for any possible workload, between each pair of measured performance values 
performancee growth is taken to be piecewise linear. For estimation of instructions 
whosee performance value is dependent on one data input size parameter this inter-
polationn is straightforward. The performance values of neighborhood operations and 
generalizedd convolution operations, however, are dependent on two data input size 
parameterss - i.e., the size of the input image and the size of the kernel or template 
structure.. As is indicated in Figure 4.3, in such situation we apply bilinear interpo-
lationn to obtain the required performance estimation. 
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4.4.11 Extended Model for Point- to-Point Communicat ion 

Whereass the performance model described above is sufficient for all sequential APIPM 
instructions,, an extension is required for the two communication operations (i.e., SEND 
andd RECV). First, this is because an accurate prediction of the end-to-end communi-
cationcation time usually can not be obtained by considering the time a processor is busy 
executingg a SEND or a RECV instruction alone. Second, in its current form the model 
doess not closely match the capabilities of the communication instructions as defined 
inn MPI. Most notably, the impact of a message's memory layout on communication 
costss is not incorporated in the model. This is an important point, as one of the tasks 
off  the scheduler of Section 2.3.2 is to make decisions regarding the domain decompo-
sitionn of an application under consideration. Depending on the type of such domain 
decomposition,, it may be necessary to communicate data stored noncontiguously in 
memory.. As was shown by Prieto et al. [125]. knowledge of a message's memory 
layoutt is important, as non-unit-stride memory access may have a severe impact on 
performancee due to caching. Also, the MPI operations may handle the transmission 
off  noncontiguous data differently from contiguous blocks, possibly causing additional 
overheadss due to the packing of data into a contiguous buffer. 

Too incorporate such essential cost factors we have designed an extended model 
forr point-to-point communication. The model, called P-3PC (or the Parameterized 
modelmodel based on the Three Paths of Communication), closely resembles other models 
describedd in the literature (e.g., the Postal Model [11, 21], LogP [38], and LogGP [1]). 
Thee model is capable of modeling the essential communication patterns as used in 
dataa parallel image processing applications. In addition, and in contrast to the models 
mentionedd above, it is also capable of accurately predicting the communication costs 
relatedd to any type of domain decomposition. As this topic is outside the scope of 
thee current chapter, an extensive overview of the P-3PC model and its capabilities is 
givenn in Chapter 5. In the evaluation of the APIPM-based models presented in the 
remainderr of this chapter, all P-3PC specific modeling properties have been left out. 

4.4.22 Discussion 

Thee most important advantage of the APIPM-based performance models is that pre-
dictionss are based on very high level instructions — even in comparison with the 
AFM-basedd models of Section 4.1.2. It would have been possible to define a model 
onn the basis of much lower level instructions as well, but execution times of such 
instructionss tend to be less independent than those of higher level instructions. This 
iss mainly due to optimizations performed by the applied compiler. Also, it is much 
moree difficult to obtain accurate values for lower level instructions, due to the inherent 
intrusivenesss of the benchmarking process 

AA possible drawback of the models is that the instructions and related performance 
valuess are parameterized with quite a large number of instruction behavior and work-
loadd indicators. Obtaining accurate performance values for all possible combinations 
off  parameters is both costly and difficult. However, it is possible to combine several 
parameterss to obtain a more general indicator. As an example, promising candi-
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datess for parameter merging are those that relate to data structure sizes (e.g., width, 
height,, depth, etc.). Furthermore, the benchmarking tool that plays an essential role 
inn our software architecture is implemented such that it allows a user to set regions 
off  interest, to restrict the set of all possible measurements. In addition, it is possible 
too let the benchmarking process be run in parallel on multiple nodes within a target 
architecture,, to reduce the benchmarking costs even further. 

4.55 Measurements and Validation 

Inn this section we show how a realistic image processing application, implemented 
usingg our software architecture, is executed in parallel. The application is highly 
relevantt as it incorporates all of the important APIPM instructions defined in Sec-
tionn 4.3.2. First, a short description is given of the underlying algorithm. Next, both a 
straightforwardd sequential implementation as well as its related parallel execution are 
discussed.. Finally, measured results are compared with APIPM model predictions. 

4.5.11 Detection of Curvilinear Structures 

Ass discussed in [55, 56], the problem of detecting curvilinear structures in images is 
solvedd by considering the second order directional derivative in the gradient direction, 
forr each possible line direction. This is achieved by applying anisotropic Gaussian 
filters,filters, parameterized by orientation 0, smoothing scale av in the line direction, and 
differentiationn scale <JW perpendicular to the line (Figure 4.4), given by 

r"(x,y,ar"(x,y,avv,a,aww,e),e) = avaw fc^| — ^ . (4.1) 

Whenn the filter is correctly aligned with a line in the image, and av, aw are optimally 
tunedd to capture the line, filter response is maximal. Hence, the per pixel maximum 
linee contrast over the filter parameters yields line detection: 

R(x,y)R(x,y) = arg max r"(x,y,av,crw<Q)- (4.2) 
trtr vv ,crw,9 

Thiss directional filtering problem can be implemented sequentially in many dif-
ferentt ways. For each orientation 0 it is possible to create a new filter based on aw 

andd av. In effect, this yields a rotation of the filters, while the orientation of the 
inputt image remains fixed. Another possibility is to keep the orientation of the filters 
fixed,fixed, and to rotate the input image instead. Yet another solution is to integrate 
thee notion of orientation in the filter operation itself. In this case image pixels are 
accessedd according to the size of the neighborhood as well as the given orientation. 

Inn this example, we have implemented the operation by applying fixed filters to 
rotatedd image data. We have selected this implementation as we have found it to 
bee the solution of choice for several researchers in image processing. As such, the 
implementationn reflects parallelization problems encountered in a realistic situation. 
Itt should be noted, however, that the alternative sequential implementations presented 
inn Chapter 7 yield better sequential as well as parallel performance. 
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Figuree 4.4: Directional filtering for line detection. Filter Gw w is oriented in the line 
direction;direction; local coordinate system indicated by (v,w). 

Thee main body of the sequential implementation is presented in pseudo code in 
Listingg 4.1. The program starts by rotating the original input image for a given ori-
entationn 9. In addition, for all (av, o~w) combinations the filtering is performed by six 
libraryy operations executed in sequence. First, f^am'e and 6<T«>cr«"8 (or Fi l teredl_IM 
andd Filtered2_IM, respectively) are produced by executing two generalized convo-
lutions,, each with the appropriate parameters. For cost effectiveness the Gaussian 
convolutionss are performed by applying two 1-dimensional filters in both cases. Next, 
thee result of Equation (4.1) is obtained by executing two binary pixel operations, one 
havingg an image, the other having a constant value as argument. Finally, the result 
imagee is rotated back to match the orientation of the input image, and the maximum 
responsee image is obtained. 

Figuree 4.5(a) gives a typical example of an image that is used as input to the 
program.. The result obtained after applying the program for a reasonably large 
parameterr subspace of (av,aw,0) is shown in Figure 4.5(b). On a state-of-the-art 
sequentiall  machine the program may take from a few minutes up to several hours 
too complete, depending on the size of the input image and the extent of the cho-
senn parameter subspace. Consequently, for the directional filtering program parallel 
executionn is highly desired. 

FORR all orientations 9 DO 
RotatecLIMM = GeometricOp(Original_IM, "rotate", 0); 
FORR all smoothing scales CTt,CTt, D O 

FORR all differentiation scales aw DO 
Filteredd 1_IM = 
Fi l tered2JMM = 
Detectedd JM = 
Detectedd JM = 

GenConvOp(Rotated_IM,, "gauss", aw 

GenConvOp(Rotated_IM,, "gauss", aw 

BinPixfmArgOp(Filteredl_fM, , 
BinPixValArgOp(Detected_IM, , 

BackRotatedJMM = GeometricOp(Detected_IM, 
ContrastJMM = BinPixImArgOp(ContrastJM,, ' 

'absdii  v 
""  mul", 

<*v,<*v,  2, 0); 
ffffvv,, 0, 0); 

",, Filtered2 
aavv x (Tw); 

"rotate",, —0); 
max", , 

IM) ; ; 

BackRotatedJM); ; 

Listingg 4.1: Pseudo code for the directional filtering program. 
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(a)) (b) 

Figuree 4.5: (a,) Typical 1000x554 input image obtained from the Apollo training man-
ualual "Apollo Spacecraft & Systems Familiarization" (March 13, 1968). National Aero-
nauticsnautics and Space Administration (NASA), Office of Policy and Plans, NASA History 
Office.Office. Used by kind permission, (b) Maximum response image obtained after appli-
cationcation of the directional filtering program. 

4.5.22 Parallel Execution 

Ass all parallelization issues are shielded from the user, the pseudo code of Listing 4.1 
directlyy constitutes a program that can be executed in parallel as well. Optimization 
off  the efficiency of the program is to be taken care of by the software architecture's 
schedulingg component. For this evaluation, however, we have created two different 
scheduless for the program by hand. In the first schedule all library operations are 
forcedd to run in a data parallel manner, using all available processors. The second 
schedulee differs from the first in that the last two operations in the innermost loop of 
thee program are run on one node only. 

Inn both schedules the Original_IM structure is broadcast to all nodes. This is 
becausee the structure is applied in the initial rotation operation, which expects it to 
havee a data access pattern of type 'other' (see Section 3.4). This broadcast needs to 
bee performed only once, as Original.IM is not updated in subsequent operations. In 
addition,, in both schedules the first four operations in the innermost loop are executed 
locallyy on partial image data structures. The only need for communication is in the 
exchangee of shadow regions in the two Gaussian convolution operations. 

Inn the first schedule the last two operations in the innermost loop are run in 
parallell  as well. This requires the distributed image Detected.IM to be available 
inn full at each node, because it has an access pattern of type 'other' in the back-
rotationn operation. This is achieved by executing a gather-to-all operation, which is 
logicallyy equivalent to a gather operation followed by a broadcast. Finally, a partial 
maximumm response image Contrast_IM is calculated on each node, which requires a 
finalfinal gather operation to be executed just before termination of the program. In the 
secondd schedule the last two operations are not executed in parallel. As a result, the 
intermediatee result image DetectecLIM is gathered to the single node that produces 
bothh the back-rotated image, as well as the complete maximum response image. 
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Itt is the purpose of the architecture's scheduling component to pick the optimal 
solutionn out of multiple competing schedules of this kind. In the following we will 
showw that the APIPM-based performance models are powerful enough to allow the 
schedulerr to make such decisions correctly. 

4.5.33 Performance Evaluation 

Too initialize the APIPM-based performance models we have performed a small set 
off  benchmarking operations. For each instruction used in the directional filtering 
programm not more than two measurements were performed, i.e. for input sizes of 2002 

andd 10002 elements. Model predictions for each instruction and for each required 
inputt size were obtained as indicated in Section 4.4. 

Thee benchmarking operations, as well as the directional filtering program were 
executedd on the 24-node homogeneous DAS-cluster (Distributed ASCI Supercom-
puterr [7]) located at the University of Amsterdam. All nodes in the cluster con-
tainn a 200 Mhz Pentium Pro with 64 MByte of EDO-RAM, and are connected by a 
1.22 Gbit/sec full-duplex Myrinet SAN network. The nodes run the RedHat Linux 6.2 
operatingg system. At the time of measurements, 4 nodes in the system were unusable. 
Ass a consequence, performance results are presented only for up to 20 processors. 

Basedd on intuition alone a programmer would have great difficulty deciding which 
off  the two schedules described in the previous section should be executed. Clearly, 
aa schedule is preferred if the set of operations unique to that schedule is faster than 
thee set of operations unique to another schedule. Hence, for the directional filtering 
programm the first schedule is preferred if: 

0a(P0a(Protaterotate(size/N)(size/N) + Pmax(size/N) + Pbcast(size)) + Pgather{size) < 
Oa{POa{Protarotate{size)te{size) + Pmax(size))  ̂ ' > 

wheree N denotes the number of nodes, and Oa the size of the parameter subspace. For 
thee first schedule the large number of broadcasts is expected to have a significant im-
pactt on performance. For the second schedule the many rotations of non-partitioned 
imagee data is expected to be costly. 

Basedd on the benchmarking results we are able to decide which schedule is optimal. 
Ass shown in Figure 4.6 (depicting the complete execution time of both schedules), 
ourr models indicate that the first schedule is always preferred - for any number of 
processors.. Clearly, broadcasting a full-sized image structure is not as expensive as 
performingg the image rotation sequentially on one node. The 'hops' in the graph of 
schedulee 1 are explained by the fact that the broadcast operation is implemented using 
aa spanning binomial tree (SBT), which has a cost related to logN. Figure 4.7 shows 
similarr predictions for a smaller input image, but for a larger parameter subspace. 

Too test the accuracy of our performance models we have executed the directional 
filteringg program for both schedules. The resulting mean execution times for each 
runn are included in the graph of Figure 4.6 as well. Error bars are not shown, as the 
performancee of the DAS is quite stable. In most situations measured lower and upper 
boundss are within 0.5 seconds of the mean execution times. The presented results 
indicatee that the model predictions for both schedules are highly accurate - for any 
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Figuree 4.6: Comparison of model predictions and measurements for the two program 
schedules.schedules. Results f or directional filtering of extended Apollo image of size 1098x 1098, 
andand for a parameter subspace including 12 orientations and 4 (crv,aw) combinations. 
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Figuree 4.7: Comparison of predictions and measurements for input image of size 
707x707x 707, and for a parameter subspace including 36 orientations and 4 (o-v,aw) com-
binations. binations. 
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Figuree 4.8: Difference between accumulated predictions and measurements for the six 
mostmost important APIPM instructions (schedule 1, not including communication). 

numberr of processors. Even worst case predictions are within 5.5% of the measured 
values.. It is noteworthy, however, that our models are slightly optimistic in all situ-
ations.. This is explained by the fact that the mean performance values measured in 
thee benchmarking process tend to be somewhat lower than what is actually obtained 
att application run time. This is because 'outliers' obtained during benchmarking are 
nott included in our database of performance values, while extremely high values may 
stilll  occur during normal runs of a particular application. 

Thee graph of Figure 4.8 shows that our performance models are capable of provid-
ingg accurate estimations at the lowest level of APIPM instructions as well. The accu-
mulatedd estimations on a per-instruction basis are optimistic as well as pessimistic, 
dependingg on the applied instruction. The importance of this graph, however, lies in 
thee fact that errors in the estimations for the most significant instructions applied in 
thee application of Listing 4.1 are, in general, not more than 10%. As a consequence, 
wee feel that a sufficiently high level of estimation accuracy is obtained for the models 
too be applied in our software architecture's optimization process. 

Givenn schedule 1, it can be derived from the models that the impact of com-
municationn (especially the repeated broadcast) on overall application performance is 
huge.. Figure 4.9 shows that for 16 nodes the program spends almost half of its time 
communicating.. For 64 nodes 84.1% of the time is lost in all communication steps 
combined,, and 71.1% in broadcasting alone. Although parallel performance is often 
significantlyy better for alternative sequential implementations of this particular line 
detectionn problem (see Chapter 7), communication costs do play an important role in 
almostt any parallel application. Therefore, it is essential for our performance models 
too also provide accurate estimations for the SEND and RECV instructions. The next 
chapterr of this thesis is devoted entirely to the modeling of these basic communication 
operations,, and includes a detailed evaluation of our performance estimations as well. 
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Figuree 4.9: Predicted impact on communication ({or schedule 1). 

4.66 Conclusions 
Inn this chapter we have described the performance estimation approach as applied in 
ourr software architecture. We have introduced the notion of semi-empirical model-
ing,ing, which is a performance estimation technique based on a combination of relevant 
abstraction,abstraction, simple modeling, and domain-specific measurement. We have compared 
thee technique with existing estimation approaches, and have shown semi-empirical 
modelingg to be similar to a combination of two techniques described in the literature: 
(1)) the AFM-based approach of narrow spectrum benchmarking that incorporates 
veryy high level system abstractions, and (2) the approach of adaptive sampling that 
capturess system variance by measuring execution times for multiple workloads. 

Wee have indicated that in our semi-empirical modeling approach all abstractions 
aree introduced on the basis of a high level abstract machine specification for par-
allell  image processing (the APIPM), and a related instruction set. Also, we have 
shownn the definition of the abstract machine to reflect the relevant hardware com-
ponentss and behavior common to all projected target platforms for our software ar-
chitecturee (i.e., state-of-the-art homogeneous commodity clusters). Subsequently, we 
havee indicated how to define a simple, linear performance model on the basis of the 
APIPM-abstractions.. Finally, we have shown how domain-specific benchmarking is 
incorporatedd for estimation of system variance. 

AA comparison of model estimations and experimental measurements has indicated 
that,, for a realistic image processing application, the APIPM-based performance mod-
elss are highly accurate. The models are capable of providing good estimations for full 
applications,, as well as for any constituent subtask. Given these results we are confi-
dentt in that the core of our software architecture forms a powerful basis for automatic 
optimizationn of a wide range of parallel low level image processing applications. 
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Thee evaluation of our performance models as presented in this chapter is not com-
plete,, as the costs related to interprocess communication hardly have been touched 
upon.. Because communication is such a prominent cost factor in many parallel ap-
plications,, all modeling aspects related to this issue are deferred to the next chapter. 
Also,, the evaluation has not shown that optimization on the basis of our performance 
modelss indeed results in highly efficient parallel applications. All issues related to 
applicationn optimization and scheduling are discussed extensively in Chapter 6. An 
assessmentt of the effectiveness of our software architecture in providing significant 
performancee gains is presented in Chapter 7. Finally, in the appendix to this chapter 
aa more detailed overview is given of the APIPM instruction set, and the related model 
parameterization. . 

4.AA APIPM Instruction Set Definition 

Thiss section presents a detailed discussion of the APIPM instruction set definition. 
AA complete overview of the instructions and their related operands is given in Ta-
bless 4A.1 - 4A.3. 

Memor yy References 

Inn the Abstract Parallel Image Processing Machine multiple real-world objects need 
too be represented. The most prominent objects are images, but templates, matrices, 
andd the likes, are essential as well. In the instruction set we do not introduce a special 
dataa representation for each of these objects. Instead, we use memory references that 
containn information about the internal data representation, but lack any information 
onn the semantics of the data referenced to. The semantics are determined by the 
APIPMM instruction the memory reference is passed to as a parameter. 

Givenn the notion of memory references, the operands (arguments) of the instruc-
tionss fall into one of four categories: 

1.. Memory references to single data elements (smref). Operands of this type refer 
too single data elements stored in main memory. Apart from a pointer to a mem-
oryy location, it holds information regarding the scalar type and dimensionality 
off  the data element stored. In a realistic program a single memory reference 
usuallyy represents a pixel value of a certain scalar type and dimension. 

2.. Memory references to aggregated data elements (amref). Operands of this type 
referr to aggregations (such as arrays) of data elements stored in main memory. 
Apartt from a pointer to the memory location containing the first data element, 
itt also contains information regarding the size and origin of the domain of 
thee aggregated structure, in combination with the type and dimensionality of 
thee structure's elements. The size and origin of an n-dimensional aggregated 
structuree are both represented by an n-dimensional vector. 
AA memory reference of this type pointing to a data aggregation of size 1 (thus: 
containingg only one element) is considered equal to the single data element 
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opcode e operands s memoryy instructions 

CREATE E amref,, vector, vector, string, value 
referencee to destination data structure 

domainn size of destination structure 

domainn origin of destination structure 

scalarr type of data elements in destination structure 

dimensionalityy of data elements in destination structure 

DELETE E 

MEMCOPY Y 

amref f 
#1:: reference to source data structure 

amref,, amref, vector, vector, value 
referencee to source data structure 

referencee to destination data structure 

offsett from start of source data structure 

offsett from start of destination data structure 

numberr of data elements 

opcode e operands s genericc image processing instructions 

UPOP P 

BPOPV V 

amref,, amref, string 
referencee to source data structure 

referencee to destination data structure 

namee of internal unary pixel operation 

amref,, amref, string, smref 
referencee to source data structure 

referencee to destination data structure 

namee of internal binary pixel operation 

referencee to single argument value 

BPOPI I amref,, amref, string, amref 
referencee to source data structure 

referencee to destination data structure 

namee of internal binary pixel operation 

referencee to argument data structure 

REDUCOP P amref,, smref, string 
referencee to source data structure 

referencee to single destination value 

namee of internal reduction operation 

Tablee 4A.1: APIPM instruction set. 
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opcode e operands s genericc image processing instructions 

NEIGHOP P 

GCONVOP P 

GEOMAT T 

GEOROI I 

amref,, amref, string, amref 
referencee to source data structure 

referencee to destination data structure 

namee of internal neighborhood operation 

referencee to kernel structure 

amref,, amref, string, string, amref 
referencee to source data structure 

referencee to destination data structure 

namee of internal binary pixel operation 

namee of internal reduction operation 

referencee to kernel structure 

amref.. amref. amref, smref, string, vector 
referencee to source data structure 

referencee to destination data structure 

referencee to transformation matrix 

referencee to single background value 

interpolationn type 

translationn vector 

amref,, amref, vector, smref 
referencee to source data structure 

referencee to destination data structure 

offsett from start of source data structure 

referencee to single background value 

opcode e operands s I/OO instructions 

IMPORT T 

EXPORT T 

amref.. value. value 
referencee to destination data structure 

uniquee external data structure identif ier 

uniquee external device number 

amref,, value. value 
referencee to source data structure 

uniquee external data structure identif ier 

uniquee external device number 

Tablee 4A.2: APIPM instruction set (continued). 
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opcode e 

SEND D 

RECV V 

operandss communication instructions 

amref,, vector, value, value 
#1:: reference to source data structure 

#2:: offset from start of source data structure 

#3:: number of data elements 

#4:: unique destination ASIPM identif ier 

amref,, vector, value, value 
#1:: reference to destination data structure 

#2:: offset from start of destination data structure 

#3:: number of data elements 

#4:: unique source ASIPM identif ier 

legend: : 

amreff  memory reference to aggregated data elements 
smreff  memory reference to single data element 
stringg string value (constant) 
valuee numerical value (scalar) 
vectorr numerical value (vector) 

Tablee 4A.3: APIPM instruction set (continued). 

referencee described above. References to aggregations of size 1 and references 
too single data elements can be interchanged at will . In a realistic program a 
memoryy reference of this type usually refers to image data. 

3.. Numerical (constant) values (value and vector). Operands of this type refer 
too single numbers or vectors of single numbers, and are used to represent sizes, 
positions,, etcetera. 

4.. String (constant) values (s t r ing). Operands of this type refer to character 
stringss recognized by each sequential image processing unit (SIPU). A string 
valuee determines the behavior of an instruction, and is either used as an opera-
tiontion indicator, or as a type indicator. 
Operationn indicators refer to internal operations recognized by the SIPU. As an 
example,, indicators such as "NEGATE" and "SQRT" can be used to represent 
validd unary pixel operations. 
Typee indicators represent additional information required for an operation to be 
executed.. For example, the memory allocation instruction "CREATE" needs an 
indicatorr for the specification of the datatype of each element in the structure 
too be allocated. Also, the geometric transformation instruction "GEOMAT" 
needss an indicator for the specification of the type of interpolation to be used. 
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Sequentiall  Instruction s 

Thee instruction set contains memory operations to allocate and free memory space 
("CREATE"" and "DELETE'"), and to copy data from a source area to a destination 
areaa (" MEMCOPY"). As described above, references to single data elements are equal 
too aggregated data structures of size 1. This means that a newly created aggregated 
dataa structure of size 1 can be used as an argument to an instruction that requires a 
singlee data element reference as one of its operands (such as the 'smref' operand in 
thee "REDUCOP" instruction). 

Twoo I/O operations are available in the instruction set to transport data to and 
fromm external devices ("IMPORT" and "EXPORT"). Apart from a reference to ag-
gregatedd data, both instructions need a unique device number and identifier to specify 
thee apparatus itself and the data structure residing on that device. 

Thee generic image processing operations in the instruction set are those we have 
discussedd in Chapter 3. Although we have indicated that many image processing op-
erationss can be performed in-place, in all but the reduction operation ("REDUCOP") 
bothh a source image reference and a destination image reference are required. This 
schemee does not introduce additional copying of data because the same reference 
coiddd be given as an argument twice. 

Ass stated in Section 4.3.2. all image processing operations that have a reference 
too argument data structures or kernel structures as an operand require data element 
homogeneityhomogeneity,, to acknowledge the differences between operations on homogeneous and 
heterogeneouss types. Homogeneity means that the scalar type and the dimensionality 
off  the data elements of both the source structure and the additional structure must 
bee identical. Data element homogeneity is not required for destination image data 
structures,, as the resulting scalar type and dimensionality of the data elements is 
determinedd by the type of internal SIPU instruction performed. 

Communicationn Instruction s 

Thee instruction set includes two communication operations for the exchange of data 
betweenn two ASIPMs. Data can be sent to another ASIPM by using the "SEND" op-
eration.. Data can be received from another ASIPM by using the "RECV" operation. 
Thesee point-to-point operations provide reliable message transfer. This means that 
aa message sent is always received correctly, and that no additional checks for errors 
aree needed. Collective communication operations (i.e.: communication routines that 
involvee multiple ASIPMs) are not included in the instruction set. This is because 
aa complete set of collective communication routines can be created using the two 
point-to-pointt communication operations. 

Thee first operand in the "SEND" operation specifies a send buffer in the main 
memoryy of the sending ASIPM from which the message data is taken. The starting 
pointt in the send buffer and the number of data elements to be sent are specified 
byy the second and third operand. The last operand specifies the unique identifier of 
thee receiving (destination) ASIPM. The scalar type and dimensionality of the data 
elementss sent are specified in the reference to the source data structure. 
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Thee "RECV" operation requires a receive buffer to store incoming message data. 
Similarr to the "SEND" operation, the offset in the receive buffer and the number of 
dataa elements to be received are specified by the second and third operand. Also, the 
lastt operand specifies the unique identifier of the sending (source) ASIPM. 

Al ll  send and receive operations must be matched. This means that for each mes-
sagee sent the destination node needs to execute a receive operation with the sending 
nodee as source identifier. Furthermore, in both the send call and the receive call the 
numberr of data elements, as well as with the scalar type and dimensionality of the 
elementss all must be identical. Also, all messages that are sent over the communica-
tionn channels are non-overtaking. This means that if one ASIPM sends two messages 
inn succession to the same destination, the first message will always be received first. 

Wee assume that the two communication operations are blocking. For the "SEND" 
operationn this means that it does not return until the message has been copied into a 
matchingg receive buffer (on another ASIPM), or stored away safely in a local tempo-
raryy buffer. For the "RECV" operation this means that it does not return until the 
messagee has been fully copied into its receive buffer. Although not expected under 
normall  circumstances, it is possible for a receive call to complete before its matching 
sendd call has completed. 

4.BB APIPM Model Parameterization 

Thiss section presents a detailed discussion of the APIPM model parameterization. A 
completee overview of the parameterized model instructions and related performance 
valuess is given in Tables 4B.1 and 4B.2. 

Parameterizedd Model Instruction s 

Ass stated in Section 4.4, a problem with our simple, linear performance model is that 
mostt APIPM instructions are not single static entities. This is because the execution 
off  an instruction often depends on the values of its operands. Therefore, a static 
entityy for each possible operand combination must be incorporated in the model. To 
avoidd an explosion of the number of static entities we allow each instruction ij to 
bee parameterized instead. The number of parameters for a model instruction is not 
necessarilyy identical to the number of operands of the related APIPM instruction. For 
example,, the background value required in the geometric transformation instructions 
(Tablee 4A.2, operand #4 in either "GEOMAT" or "GEOROI") does not call for 
additionall  static model instructions. The execution of these instructions is expected 
too be independent of the applied background pixel value. 

Essentially,, any possible source of relevant change in instruction behavior must be 
capturedd in a model parameter. Here, the task of choosing relevant model parameters 
iss steered by the actual implementations of each APIPM instruction in our software 
library.. An overview of the parameterized model instructions related to all sequential 
APIPMM instructions is presented in Table 4B.1. The communication instructions have 
beenn left out, as parameterization of these instructions (a.o., including the memory 
layoutt of a message, see Chapter 5) is outside the scope of this chapter. 
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instructio n n 

UPOP P 

BPOPV V 

BPOPI I 

REDUCOP P 

NEIGHOP P 

GCONVOP P 

GEOMAT T 

GEOROI I 

CREATE E 

MEMCOPY Y 

DELETE E 

IMPORT T 

EXPORT T 

parameterizedd model instructio n 

-ft/pop(°Pname)) idim, stype, ival) 

IBPOPVIBPOPV (opname, idim, stype, ival, aval) 

II  BPOPI (opname, idim, stype, ival, aval) 

^fl£Dt/cop(0Pname55 idim, stype, ival) 

lNEiGHOp{°PlNEiGHOp{°Pnamenameii  idim, kdim, stype, ival, kval) 

-fccojwop(popname,, ropname. idim, kdim. stype, ival, kval) 

IGEOMATIGEOMAT(idim,(idim, stype. ival, mtype, itype) 

IGEOROIIGEOROI (idim, stype, ival) 

ICREATEICREATE(idim,(idim, stype) 

IMEMCOPYIMEMCOPY (idim, stype) 

IDELETEC^^,IDELETEC^^, stype) 

^/A/POPT(idim,, stype) 

^£XPOPT(idim,, stype) 

legend: : 

avall  value indicator of argument data structure 
idimm dimensionality of source data structure 
itypee type of interpolation used in geometric operation 
ivall  value indicator of source data structure 
kdimm dimensionality of kernel data structure 
kvall  value indicator of kernel data structure 
mtypee type of matrix used in geometric operation 
opnamee name of internal operation 
popnamee name of internal binary pixel operation 
ropnamee name of internal reduction operation 
stypee scalar type of data elements 

Tablee 4B.1: Parameterized model instructions. 
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Thee parameters for the model instructions presented in Table 4B.1 fall into one 
off  four categories: 

•• Type indicators. Three different type indicators are introduced: 'stype', 'mtype', 
andd 'itype'. The scalar type parameter can have any of the values "byte", 
"short",, "int", "float", and "double". The type of the data structure elements 
oftenn will have an important impact on the behavior of an instruction. As an 
example,, arithmetic floating point operations (such as sqrt) are often much more 
expensivee than the non-floating point versions. 
Thee interpolation type indicator is applied in geometric transformation opera
tions,, and can have any of the values "nearest" and "linear". The matrix type 
indicatorr decides which geometric transformation is performed. Currently, the 
availablee valid values are "rotate", "reflect", and "scale". 

•• Value indicators. Three different value indicators are introduced: 'ival', 'aval', 
andd 'kval'. This is because the actual values present in a data structure may 
havee an important impact on the performance of an instruction. For example, 
whenn the value ' 1 ' is presented to a base-10 logarithm operation '0' is returned. 
However,, if '0' is presented to the operation an error value is returned, and an 
exceptionn may be raised, possibly causing additional overhead. Currently valid 
valuess for the parameters 'ival', 'aval', and 'kval1 are: 

-- "ALLO" (most elements have the value 0), 

-- "ALL1" (most elements have the value 1), 

-- "0TO1" (most elements have a value between 0 and 1), and 

-- "ANY" (no value indication, used by default). 

DimensionalityDimensionality indicators. Two dimensionality indicators are introduced: 'idim' 
andd 'kdim'. In our software library a choice has been made to provide differ
entt implementations for operations on 2-dimensional and 3-dimensional images. 
Also,, multiple fundamental kernel operations have been implemented to allow 
forr optimization of operations that make use of separable kernel data. For this 
reasonn the 'idim' parameter can have the value "2D" or "3D". The 'kdim' pa
rameterr either can have the value " ID" or "nD". Here we use "nD" to represent 
non-separablee kernel dimensionality. 

•• Operation indicators. Operation indicators refer to the internal operations rec
ognizedd by the Sequential Image Processing Unit (SIPU). See also Section 4.A. 

Parameterizedd Performance Values 

Thee performance values in set P are not single static entities either. This is because 
thee execution time of many instructions is dependent on the size of the workload. For 
thiss reason we also have parameterized the performance values related to the model 
instructions.. In Table 4B.2 an overview is given of the parameterized performance 
valuess related to the sequential operations in the APIPM instruction set. 
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pa rame te r i zedd pe r fo rmance values 

•*Iu•*Iu POp(opname,idim,stype.ival) ^QUlITi, V>, 11, 

p p name,name, idim, sty pe,ival, aVf l / ) (ddim, , 

IBPOPIIBPOPI (opname,idiin, sty pe,ival,aval)\O-Clim, 

p p 
IREDUCOP IREDUCOP p p 
11JVJV EIGHOP p p 
IGCONVOP IGCONVOP p p 

p p 

p p 
ICREATE{I ICREATE{I 

p p 
p p 

p p 

p p 
IEXIEX PORT( 

l egend: : 

ddim m 
w,, h, d 
kw,, kh, kd 

d) ) 
w,, h, d) 
w,, h. d) 

(opname,idim,,s£ype,ii>a/}\0-uim,, " i "•* " / 

(opname,(opname, 7 dim. kdim.st 

(popname(popname ,ropname, id 

idim,stidim,st ype.ival ,mtype 

dim.stype.ival)dim.stype.ival) ^QQlin 

dim,stype)dim,stype) ( d d i m, W 

-- (idim,stype) ( d d i m, 
dim,stype)dim,stype) (ddim. W 

dim,stype)dim,stype) ( d d i m, W 

dim,stype.)dim,stype.) ( d d i m, W 

ype.ival.ype.ival. kval (ddim,, w, h, d .. kw. kh, kd) 
im.kdim,stype,ival,kval)(ddim,im.kdim,stype,ival,kval)(ddim, w, h, d, kw, kh. kd) 

itype)itype) (ddim 
,, w. h, d) 

h,, d) 
w,, h, d) 
h .d) ) 

h,, d) 
,, h .d) 

,, w, h, d) 

dimensionalityy of data elements (usually: pixels) ) 
extentt of structure's domain in each of 3 dimensions 
extentt of kernel ss domain in each of 3 dimensions 

Tablee 4B.1: Parameterized performance values. 

Thee 'ddim' performance value parameter relates to the dimensionality of the data 
elementss (i.e., pixels) of the structure passed to a given instruction. All other per-
formancee value parameters relate to the sizes of the data structures passed to an 
instruction.. Although the software architecture's benchmarking component incorpo-
ratess all, by default the size and dimensionality parameters are taken together to form 
aa single 'total size' parameter. It should be noted that the performance estimations 
presentedd in Section 4.5 are all based on benchmarking results obtained after this 
typee of parameter merging. 


