- 1 -Distributing a Chemical Process OptimizationApplication Over a Gigabit NetworkRobert L. ClayDepartment of Chemical EngineeringCarnegie Mellon UniversityPittsburgh, PA 15213 U.S.A.Peter A. Steenkiste School of Computer ScienceCarnegie Mellon UniversityPittsburgh, PA 15213 U.S.A.AbstractWe evaluate the impact of a gigabit network on the implementation of a distributedchemical process optimization application. The optimization problem is formulated as astochastic Linear Assignment Problem and was solved using the Thinking Machines CM-2 (SIMD) and the Cray C-90 (vector) computers at PSC, and the Intel iWarp (MIMD)system at CMU, connected by the Gigabit Nectar testbed. We report our experiencedistributing the application across this heterogeneous set of systems and presentmeasurements that show how the communication requirements of the application dependon the structure of the application. We use detailed traces to build an applicationperformance model that can be used to estimate the elapsed time of the application fordifferent computer system and network combinations. Our results show that theapplication benefits from the high-speed network, and that the need for high networkthroughput is increasing as computer systems get faster. We also observed thatsupporting high burst rates is critical, although structuring the application so thatcommunication is overlapped with computation relaxes the bandwidth requirements.Keywords: chemical process optimization, distributed computing, heterogeneouscomputing, gigabit networks, stochastic linear assignment problem, optimal resourceallocation.

- 2 -1. IntroductionHigh-performance networks have made it attractive to distribute compute-intensive applications across computer systems connected by local-areaand wide-area networks. The obvious benefit is that the applications cancombine the resources of several systems to reduce execution time.Heterogeneous computing is a special case of distributed computing. Ithas the added benefit that each application component can be mapped ontothe most appropriate architecture, thus optimizing the efficiency of thecomputation. As a result, heterogeneous computing can result in super-linear speed up, i.e., using N systems, the application runs more than Ntimes faster than on any of the individual systems (e.g. [22]).An important question is how critical network performance is to thesuccess of distributed computing. While many coarse-grain applicationshave been distributed successfully across relatively slow networks, high-speed networks are needed if we want to apply distributed computing to awide class of applications, including grand challenge and nationalchallenge applications. A first indication is that many applications are notonly computationally intensive, but also data intensive, so large data setshave to be exchanged between the distributed tasks. A second observationis that as computer systems get faster, the networks will have to keep up.In this paper we evaluate the impact of network bandwidth on theperformance of a chemical process optimization application. Thisapplication is economically important for the chemical process industry,and it is representative of large class of optimization problems in otherfields. We use a two-step evaluation strategy. We first distributed theapplication across three systems connected by the Gigabit Nectar testbed:the Intel iWarp system (MIMD) at CMU, and the Thinking MachinesCorp. CM-2 (SIMD) and the Cray C-90 (vector) computers at PSC. Thisimplementation shows the feasibility of distributed computing for thisclass of problems, and allows us to identify the problems in distributinglarge applications across heterogeneous systems.The above evaluation, however, is limited to a single set of systems and asingle network. In the second step of the evaluation, we use the detailedtracing information collected during execution to build a performancemodel of the application. The model captures the communication andcomputation requirements of the application, and the data dependenciesbetween the different tasks. The model can be used to estimate theexecution time for different computational systems and for differentnetworks.The remainder of this paper is organized as follows. In Section 2 we givean overview of the application and in Section 3 we discuss its mapping on

- 3 -the Nectar testbed. In Section 4 we describe the experimental set up andthe computational results. We then present the application performancemodel (Section 5) and we use the model to study the impact of networkand node performance on the application execution time (Section 6). Wesummarize in Section 7.2. Application OverviewModeling and optimization applications are a primary tool for decisionmaking throughout the chemical process industry. Typical engineeringexamples are process design, materials allocation, optimal control, real-time optimization, process scheduling, production and capacity planningapplications. Uncertainty is inherent in our decision models and processes(i.e., the model parameters are estimates of the real values). Althoughfailure to account for the uncertainty of key parameters in decisionproblems can lead to non-optimal solutions [2], deterministic optimizationmethods are still predominant in chemical engineering today [10] becauseincluding the explicit treatment of uncertainty in models increases thecomputational requirements beyond the capabilities of today�s computers.The optimal resource allocation problem can be expressed as a LinearAssignment Problem (LAP), which can be stated as follows: given

nresources (e.g., raw materials),

n demands (e.g., processing units), and aset of costs

cij of assigning resource

i to demand

j, find the set of (one-to-one) resource-demand assignments which minimizes the total cost,

∀ i ∈ S, j ∈ Twhere

xij =1⇒ edge (i, j)∈ M,

xij = 0 ⇒ edge (i, j)∉ M.The terms S and T denote the source and terminal node sets correspondingto resources and demands, respectively. The term M denotes a (bipartitegraph) matching, which is an edge set, {(i1,j1), (i2,j2),...,(in,jn)}, connectingsource and terminal nodes in an exclusive manner.Despite the combinatorially large solution space, a variety of polynomialtime algorithms have been developed. They achieve their efficiency by

- 4 -exploiting the special structure of the Linear Assignment Problem. See[20, 21, 14, 17] for further details on both serial and parallel algorithms.The LAP problem is stochastic when some or all the costs

n_2 ⋅N^{tsStochastic modelAna on C-9032 bit intLap on CM-2}

n2Cost dataLap on CM-232 bit intFem on C-90

α ⋅n2Initial matchingFem on C-9032 bit intLap on CM-2

nTable 1 Summary of application communications requirements.The communication requirements of the application depend on the size (n)of the LAP, the number of samples (Nts) used to simulate the plant data,the number of grid points (

Ns) used to map the probability manifold, andthe number of stochastic parameters (

Nθ). Φορ τηε στοχηαστιχ ΛΑΠαππλιχατιον τηατ ωασ εξεχυτεδ,

α =1.37 / n); this is discussed in more detail in Section 5.2 As can beseen from the table, the data reduction during the analysis step (Ana on C-90) is such that the first phase of the application has significantly largerdata requirements than the second.The data format changes several times during the computation, resulting inpresentation layer overhead. The generated samples are represented as 32bit IEEE floating point numbers on the iWarp, and transmitted to the C-90where they are then converted to 64 bit Cray floating point format. Afterthe statistical analysis on the C-90, the sample means are converted to 32bit integers and transmitted to the CM-2. Further data exchange betweenthe CM-2 and the C-90 for the initial matching procedure use 32 bitinteger representation. However, as a result of the different datarepresentations on the C-90 and CM-2, these transfers still require anexpensive transformation [16, 27, 18].Because of the structure of the application (Figure 2), the four datastreams have very different characteristics. The first stream is sent as acontinuous stream of 64 Kbyte packets, since iWarp sends the data as it isgenerated. The second stream is sent as a sequence of bursts, where thenumber of bursts is the degree of pipelining (i.e. the number of blocksused for computation and data transfer on the C-90). For example, for adegree of pipelining of 16 and a problem size of 4k, the stream wouldconsist of 16 bursts of 4 Mbyte each. Finally, the last two data streams areeach sent as a single burst.4. Experimental ResultsThe distributed optimization application described above was executedover the Nectar gigabit testbed on May 9, 1994. This section describes theexecution environment, and presents and analyzes the measurements.4.1 Nectar TestbedThe Nectar testbed is one of the five national gigabit testbeds [23] fundedARPA and NSF through CNRI. The Nectar testbed is a joint effortbetween the Nectar group at CMU, Bellcore, the PittsburghSupercomputer Center (PSC), and Bell Atlantic. The goal of the testbed isto build a gigabit Metropolitan Area Network (MAN) and to demonstrateits value to applications. The testbed consists of twenty-five DEC Alphaworkstations, an iWarp parallel array [3] and a Paragon [12] on the CMUcampus, and a Cray C-90, Cray T3D [1], CM-2 and Alpha cluster at thePittsburgh Supercomputer Center (PSC). The Alpha workstations and

- 9 -iWarp use network interfaces that provide architectural support for copyavoidance to optimize throughput [24, 25, 15].CM2C90T3DParagoniWarpDECAlphaFrameBufferDECAlphaFileServerCMU CampusPittsburgh Supercomputer Center26 kmATM-SONETFileServerAlphaClusterDECAlphaHASHASDECAlphaDECAlphaFileServerParallel Data LabVision LabOfficesFigure 3 Nectar testbed high-performance distributed computing system.The network (Figure 3) connecting the systems consists of two HIPPI-based LANs that are linked by a 2.4 Gbs ATM-SONET link [13, 4]representing a metropolitan area network (MAN). For the execution runsreported on in this paper, we used a HIPPI link that runs in parallel withthe ATM-SONET link. The peak throughput of that link is 100 MB/sec.However, because of the latency of setting up the HIPPI connectionsacross the 26 km link for each packet, the maximum achievablethroughput is 73 MB/sec for packets of size 64 Kbyte.4.2 Experimental Set UpWe solved LAP problem instances of sizes

n =1k, 2k, and 4k, with thenumber of samples

Nts fixed at 64. Another parameter in the experimentwas the degree of pipelining in the generation and analysis phase; it is theblock size used by the C-90 for the analysis of the model data. For eachsimilarly sized run, the random number seeds used on iWarp for thegeneration of the simulated plant data were identical, leading to thegeneration of identical (pseudo-random) cost matrices. This was done toallow repeated identical runs to help isolate elements of the systemperformance.For all experiments, the CM-2 was run in dedicated mode (i.e., all 32kprocessors attached with no other users on the front end), resulting inrepeatable runs for the Lap component on the CM-2. The C-90application components were run on a single node in interactive mode, sovariations in the elapsed times occurred for repeated instances of the sameproblem. The iWarp array was run in dedicated mode, but variations in

- 10 -the iWarp elapsed times occurred for repeated instances of the sameproblem due to non-constant load on the front end.4.3 Measurements and AnalysisThe experimental data for a problem size of 4k are plotted in Figures 4through 6; the problem sizes of 1k and 2k give similar results. Figure 4shows the total execution time of the application, broken up intogeneration (Gen), LAP initial matching on the C-90 (Fem), and thereduction of the cost matrix plus LAP weighted matching solution on theCM-2 (Lap). Because the iWarp times dominate the pipelined executionin the generation and analysis phase, the time in Gen represents the totaltime of that phase, and the times on the C-90 and CM-2 are not shown.The times are shown as a function of the degree of pipelining.0.0250.0500.0750.01000.01250.0 elapsed time (sec)

8163264128degree of pipelining on C-90(npasses=n/nrows)FemLapGenFigure 4 Elapsed time versus ’degree of pipelining’ in generation andanalysis phase (size 4k).For the 4k problem the generation component accounts for about 80% ofthe total execution time, i.e., the iWarp is the bottleneck. We observe thatthe first phase takes slightly longer for the highest and lowest degree ofpipelining (8 and 128), but the effect is small. This is no surprise since allblock sizes (ranging from 500 Mbyte to 32 MByte for the iWarp-C-90communication and a factor of 64 smaller for C-90-CM-2 communication)are large enough to allow efficient communication, and the number ofblocks is large enough that pipeline fill and drain times are not significant.Figure 5 shows the CPU times for the model analysis, data transfer andconversion computations on the C-90 for the 4k case. The data is read(ana1.read_data) from iWarp, converted into Cray floating point format

- 11 -(ana1.cf132c), and the statistical computations (apost) are performed toreduce the data set to cost means which are then sent (ana1.dhsc_write) tothe CM-2. As shown in the figure, the read and write CPU times arerelatively small. While the (vectorized) format conversion on the C-90 isquite fast (10 nsec per floating point number), it is nearly as costly as thestatistical computations. This indicates that improvement in theconversion routines, or eliminating them by agreeing on a singlerepresentation, is highly desirable. Since CPU times (not elapsed times)were recorded for program Ana on the C-90, data pipelining has no effect.0.010.020.030.040.0 CPU seconds

8163264128degree of pipelining on C-90(npasses=n/nrows)ana1.dhsc_writeana1.read_dataana1.cf132capostFigure 5 C-90 CPU time versus ’degree of pipelining’ in analysis step onLAP (size 4k).

- 12 - 15.415.615.816.016.216.4

CM-2 idle %21.822.022.222.422.622.8 initial matching (sec)

188.0

188.5

189.0

189.5

190.0

190.5LAP solution (sec)Figure 6 Initial matching and CM-2 idle % versus LAP solution times(size 4k).The x axis of Figure 6 shows the total execution time of the second phaseof the application (LAP solver) running on the CM-2 (Lap) and the C-90(Fem) [7]. The LAP initial matching (elapsed) time on the C-90 (left -black full curve) and the CM-2 idle % (right - red dashed curve) are givenversus the total LAP solution time for different runs of the solver. Sincethe CM-2 ran in fully dedicated mode, CM-2 times are identical for allruns of the same problem size, and any change in LAP solution time is aresult of load changes on the C-90. The graph confirms this: there is aclose correspondence between increasing initial matching times, waiting(idle) time on the CM-2, and increasing overall LAP solution times. Animplication for distributed computing systems is that a load imbalance onone machine can affect the utilization of the other computing resources ofthe system. Running distributed applications efficiently will requirecareful allocation of system resources and a reasonably predictableresponse time from all systems used by the application.5. Application Performance ModelTo project the behavior of the application as a result of changes in thedistributed computing system (i.e., number of compute nodes and networkbandwidth) we developed a model of each application component. In thenext section we use the model to examine the sensitivity of the applicationexecution time to the network and computer system performance.

- 13 -5.1 Computational ModelsThe computational model represents the execution time of each task in theapplication as a function of the problem size and, in the case of iWarp andCM-2, the size of the system; the parameters are summarized in Table 2.The models were derived using data from a large series of parameterizedruns [5, 6, 7]. The models presented in this section are for the sparseapproach; we discuss tradeoffs between the sparse and the dense approachin Section 6.4.FunctionParameterValueProblem size

p^{iWarp64 measuredNumber of CM-2 nodes}

p^{CM28k-32k measuredBandwidth iWarp - C-90}

BW1

HIPPIBandwidth C-90 - CM-2

BW2

HIPPITable 2 Model parameters used in the experiments.Data Generation Model: (Gen running on iWarp)Timing tests indicate that the 64 node iWarp array is capable of generating

1.4⋅106 samples per second. The rate of sample generation correspondsdirectly to the number of iWarp nodes: doubling the number of nodesdoubles the rate. This results in the following elapsed-time performancemodel for generating the samples on iWarp:

tgen.x = n2Nts

1.4⋅106(piWarp / 64) .(1)Data Analysis Model: (Ana running on C-90)Using a single node of the C-90 the elapsed times were closely correlatedto the data size

n2. The model for the analysis on the C-90 obtained fromregression of experimental data is:

tana.x = 2⋅(n /1024)2,(2)where only the sample means are computed.LAP Solver Model: (Lap running on CM-2)Using the data from a set of parametric tests, a statistical model was fit tothe data giving the following performance model for the LAP solver:

- 14 -

tlap.x = c1 n2pCM2 cp r cr,(3)where the constants for (3) are:

1 p

r

n and

n_{2,respectively) characterize the LAP size, and the ratio n/r represents anatural indicator for the relative degree of precision [6].5.2 Traffic ModelsThe traffic models are shown in Table 3. They are simpler than thecomputational models: there is a linear dependence between the datatransfer time and the size of the data stream (Table 1) and the transfer timeis inversely-proportional to the sustainable network bandwidth. Note thatthe sustainable network bandwidth is in practice limited by the sendingand receiving host’s ability to put data in, and to remove data from thenetwork.}

- 15 -TransferModelEquationGen output - iWarp to C-90

tdt.gen = 4n2Nts

BW1 ⋅106

(5)Ana output - C-90 to CM-2

tdt.ana = 4n2

BW2 ⋅106

(6)Lap output - CM-2 to C-90

tdt.lap = 4α n2

BW2 ⋅106

(7)Fem output - C-90 to CM-2

tdt. fem = 4nBW2 ⋅106

(8)Table 3 Application traffic models.Equation (7) requires further explanation. The program Lap running onthe CM-2 computes the reduced cost matrix as part of the initializationprocedure [5, 7]. The zero elements in this matrix are potential optimalassignments for the LAP. The program Fem running on the C-90 finds theoptimal initial matching, given the zero element indices of the reducedcost matrix. The simplest way to transmit the elements is to have the CM-2 transmit the entire reduced cost matrix to the C-90, which then selectsthe zero elements; this is called the dense approach. However, we use amore efficient way, called the sparse approach: the CM-2 first locates allthe indices for the zero elements and sends only the vector of indices tothe C-90 for the initial matching. The advantage of the sparse approach islower data transfer requirements (i.e., the number of indices to be sent tothe C-90 is in general less than

n2). However, the tradeoff is that the CM-2 is less efficient than the C-90 at constructing the sparse incident matrix.The parameter

α ιν εθυατιον (7) ισ α ρεδυχτιον ϕαχτορ ινδιχατινγ τηεδενσιτψ οϕ τηε ινχιδενχε ματριξ. Σεττινγ

1 n

and 1, and depends on the relative precision of theproblem defined by the ratio

n r. For

r =105, as used in theseexperiments,

α ισ ινϖερσελψ προπορτιοναλ το τηε προβλεμ σιζε, συχη τηατ

α =1.37 / n where

n ≥ 128.6. Performance AnalysisEquations (1)-(8) represent a performance model of the distributedapplication. In this section we use the model to study the performance ofthe two phases of the computation individually and combined. Thedegrees of freedom in the model are: the LAP problem size, the number ofnodes used on the iWarp and CM-2 machines, and the sustainable network

- 16 -bandwidths. We also use the model to compare the dense and sparsetransfer options between the CM-2 and C-90, and we look at how thedifferent structure of the two application phases influences the dependenceof the execution time on the network bandwidth.6.1 Data Generation and Analysis Performance ModelAs a result of the pipelining of the generation and analysis phase, thethroughput of the system is determined by the slowest component. Notethat both the iWarp and the C-90 overlap communication withcomputation, so the communication phases are independent stages in thepipeline, and the elapsed time of the generation and analysis phase is themaximum of

tgen.x,

tdt.gen,

tana.x and tdt.ana. For realistic parameters, theiWarp computation or the iWarp to C-90 communication limit theperformance of this phase. Figure 7 shows the estimated generation andanalysis time as a function of these two limiting parameters.iWarp nodesBandwidthTime(Phase 1)Figure 7 Estimated execution time (sec) for generation and analysisphase (size 4k) as a function of network bandwidth (MB/sec) and iWarpsystem size (number of nodes).In the experiment we were using a 64 node iWarp system. The modelpredicts an execution time of 766 seconds, which closely matches themeasured time (Gen in Figure 4). Note that this point is in the "flat" partof the graph with respect to the network bandwidth, indicating thegeneration phase was limited by the computation on iWarp and not by thenetwork bandwidth. If we scale up the iWarp system to 256 nodes(equivalent to a 66 node Paragon system for this application), and 512nodes (66 node Paragon with co-processors used for computation), then

- 17 -the execution time drops almost linearly. We have demonstrated sustainedapplication throughputs of 40 MB/sec between iWarp and C-90 [11]. The40 MB/sec network becomes the bottleneck when the iWarp grows above460 nodes. Note that Paragon systems much larger than 66 nodes havebeen built, so 40-100 MB/sec network bandwidth is by no meansexcessive. The data analysis on the C-90 becomes the bottleneck ofsystems of size

piWarp ≥ 1540 nodes with the iWarp to C-90 bandwidth(

BW1) above 135 MB/sec.6.2 LAP Solution Performance ModelThe computation and communication occur sequentially in the LAPsolution phase, so the elapsed time is the sum of

lap.x,

dt.lap,

tfem.x and tdt. fem. Figure 8 shows the execution time of the LAP solver as a functionof the network bandwidth and the number of CM-2 nodes. The shape ofthe graph is different from the graph summarizing the generation andanalysis phase. Specifically, there are no "flat" regions, and the impact ofthe network bandwidth on the (absolute) execution time is independent ofthe number of CM-2 nodes.CM-2 nodesBandwidthTime(phase 2)Figure 8 Estimated execution time (sec) for LAP solver phase (size 4k)as a function of the network bandwidth (MB/sec) and the size of the CM-2system (number of nodes). Sparse incidence matrix transferred from CM-2 to C-90.For the experiment, we used a CM-2 with 32k nodes, and the bandwidthbetween the C-90 and CM-2 was 12 MB/sec. The model predicts anexecution time of about 200 seconds, which is close to the measured time(Lap plus Fem in Figure 4). Note that the C-90/CM-2 bandwidth would

- 18 -be 30 MB/sec without the need for presentation layer format conversionon the CM-2 [18]. With this higher throughput, the execution time wouldbe reduced by about 10%.6.3 Application Performance ModelCombining equations (1)-(8) gives the overall application performancemodel, accounting for the iWarp data generation and transfer overlap asdiscussed above. Figure 9 shows the sensitivity to network bandwidth andthe number of iWarp nodes, given 64k CM-2 nodes and

BW1 = BW2. Theresults are comparable to those of Figure 7, since the data generation andanalysis phase of the application dominates the execution time. Again, thestrongest sensitivity is network bandwidth, which limits the data flowbetween the iWarp and the C-90 when there is an adequate number ofiWarp nodes to avoid the generation computation bottleneck. Withrelatively few iWarp nodes, the generation computations become morerestrictive than the network, as shown on the graph and as observed in ourexperiments.iWarp nodesBandwidthTimeFigure 9 Estimated execution time (sec) for combined LAP application(size 4k) as a function of iWarp/C-90/CM-2 network bandwidth (MB/sec)and iWarp system size (number of nodes) — sparse approach.Figure 10a shows the overall application performance sensitivity tonetwork bandwidth and the number of CM-2 nodes, using 256 iWarpnodes and assuming

BW1 = BW2. Because the data generationcomputations on iWarp are limiting at high bandwidths, no furtherimprovements occur from increasing the bandwidth above the datageneration rate. While there is a gain from increasing the number of nodes

- 19 -on the CM-2, the base line time remains above 200 seconds due to the datageneration bottleneck. Figure 10b shows the comparable sensitivities, butusing 1024 iWarp nodes. By increasing the number of iWarp nodes, thedata generation bottleneck is removed and overall performance continuesto improves as network bandwidth is increased.CM-2 nodesBandwidthTime(a) 256 iWarp nodes

CM-2 nodesBandwidthTime(b) 1024 iWarp nodesFigure 10 Estimated execution time (sec) for the LAP application (size4k) as a function of the iWarp/C-90/CM-2 network bandwidth (MB/sec)and size of the CM-2 (number of nodes), for two iWarp system sizes.

- 20 -6.4 Tradeoff Between Dense and Sparse ReducedMatrix TransferTwo alternatives exist for transferring the initial reduced cost matrix zero-element indices from the CM-2 to the C-90, where the initial matching iscomputed (see Section 5.2). In the sparse approach, the CM-2 locates thezero-element indices for the initial reduced cost matrix, packs these into anincidence vector, and then sends this vector to the C-90 for the initialmatching subproblem. In the dense approach, the CM-2 sends the entireinitial reduced cost matrix to the C-90 which then forms the sparseincidence matrix. The advantage of the sparse approach is lower datatransfer requirements, since the density term

α ιν εθυατιον (7) ισ βουνδ βψ

1 / n ≤ α ≤ 1. However, the tradeoff is that the CM-2 is less efficient thanthe C-90 at constructing the sparse incident matrix.CM-2 nodesBandwidthTime(phase 2)Figure 11 Estimated execution time (sec) for LAP solver phase (size 4k)as a function of the network bandwidth (MB/sec) and the size of the CM-2system (number of nodes). Dense incidence matrix transferred from CM-2 to C-90.In Figure 11 the time for the LAP solution phase is plotted as a function ofthe network bandwidth and the number of CM-2 nodes for the densematrix transfer method and problem size of 4k. The sensitivity to thenetwork bandwidth is minimal for the sparse method (Figure 8), while, ascan be expected, the dense transfer method shows a higher sensitivity tothe network bandwidth (Figure 11). Since the time to pack the incidencematrices on the CM-2 is relatively small compared to the overall LAPsolution, the sparse method is superior in performance to the dense methodfor almost all cases—the dense method is sometimes faster for small data

- 21 -sets. However, the C-90 times for the dense method could be acceleratedby using more than a single C-90 node. If multiple C-90 nodes were used,we expect that the dense method would be faster than the sparse method, ifthe network bandwidth were sufficiently high. 6.5 Impact of Network Throughput on Execution TimeThe impact of network speed on overall application performance can beviewed in terms of percent of time in which the application wascommunications bound (vs. compute bound). The interconnectionbetween compute speed (number of nodes) and network performancerequirements for the LAP application is shown in Figures 12 and 13. Inapplication phase 1 (Figure 12) the communications and computingoperations are overlapped. Hence, so long as the network performance isadequate, the application can run completely compute bound. Increasingnetwork bandwidth will not speed up the application. Decreasing thenetwork bandwidth immediately slows the application down, to acomplete stop at the limit.In phase 2 (Figure 13) the communications and computing operations areserial. In this case, clearly the key to acceptable performance is to keepthe communications time significantly below the computational time.Increasing or decreasing network performance has an direct effect onelapsed time. For this phase of the application, the communication times(binding or not) are practically insignificant due to the smaller data sets tobe transferred (from the statistical reduction of the cost data).

- 22 - 0255075100 Percent of elapsed timebound by communications.

10100Network Bandwidth (MB/s)Phase 1 1024

51225612864iWarp nodesFigure 12 Phase 1 estimate of the percent of elapsed time where theapplication was bound by communications versus effective networkbandwidth for various iWarp sizes. LAP size 4k.

00.010.020.030.040.050.06

10100Network Bandwidth (MB/s)Phase 2 128k

64k32k16k8kCM-2 nodesFigure 13 Phase 2 estimate of the percent of elapsed time where theapplication was bound by communications versus effective networkbandwidth for various CM-2 sizes. LAP size 4k, sparse transfer.

- 23 -7. ConclusionsIn this paper we described the distribution of a chemical processoptimization application across a heterogeneous system consisting of theIntel iWarp, Cray C-90 and Thinking Machines CM-2 computersconnected by the Nectar gigabit testbed. The implementationdemonstrates several benefits of heterogeneous computing: efficientexecution and the ability to build applications by connecting existing,separately-developed application components across the network withouthaving to port code. Note that some of these benefits, e.g. efficient systemutilization, may only be realized if the different systems aresimultaneously dedicated to the application and if sufficient networkbandwidth is available; this creates an organizational problem forsupercomputer centers. The implementation of the application alsodemonstrated the difficulty of distributing an application acrossheterogeneous computers since expertise in a number of differentcomputer systems is required. Better programming tools are required thatat the same time hide more details of the systems and integrate the systemsbetter.Our measurements and a performance model of the application show thatthe sensitivity of the execution time to the network bandwidth dependsstrongly on the structure of the distributed application. If computation andcommunication are serialized, as in the RPC-based solution phase of theapplication, any network delay, including increased latencies due tophysical distance, will increase the execution time. Being able to burst athigh rates is critical, and the average bandwidth requirements of theapplication are not very indicative of its communication requirements. Incontrast, if communication and computation can be overlapped, as in thepipelined generation and analysis phase of the application, networkbandwidth requirements are relaxed and speed of light latencies arehidden. Specifically, the average bandwidth requirements of theapplication represent the bandwidth that should be sustained by thenetwork.AcknowledgmentsWe would like to thank Michael Hemy, Jamshid Mahdavi and ToddMummert for their help with the distribution of the optimizationapplication, and Gregory J. McRae for his input into the conceptualizationof the application. We also gratefully acknowledge the use ofcomputational resources at the Pittsburgh Supercomputer Center, andespecially the PSC applications support group. We are also grateful forthe use of computational resources of Sandia National Labs in the finalpreparation of this manuscript.The research was supported by the National Science Foundation andDefense Advanced Research Projects Agency under Cooperative

- 24 -Agreement NCR-8919038 with the Corporation of National ResearchInitiatives, and by the Advanced Research Projects Agency (DOD)monitored by the Space and Naval Warfare Systems Command(SPAWAR) under Contract N00039-87-C-0251.References[1]D. Adams. Cray T3D system architecture overview. Cray ResearchInc., September 1993. Revision 1.C[2]J.R. Birge. Models and Model Value in Stochastic Programming.Technical Report 93-2, Department of Industrial and OperationsEngineering, University of Michigan, 1993.[3]Shekhar Borkar, Robert Cohn, George Cox, Sha Gleason, ThomasGross, H. T. Kung, Monica Lam, Brian Moore, Craig Peterson, JohnPieper, Linda Rankin, P. S. Tseng, Jim Sutton, John Urbanski, andJon Webb. iWarp: An Integrated Solution to High-Speed ParallelComputing, In Proceedings of Supercomputing ’88, pages 330-339,Orlando, Florida, November 1988. IEEE Computer Society andACM SIGARCH[4]N.K. Cheung and H.T. Kung. Gigabit/sec Wide Area ComputerNetworks: Potential Applications and Technology Challenges. InOFC’91, San Diego, February 1991, invited paper.[5]R.L. Clay. Scheduling in the Presence of Uncertainty: ProbabilisticSolution of the Assignment Problem, MS thesis, Department ofChemical Engineering, Carnegie Mellon University, Pittsburgh,Pennsylvania, 1991.[6]R.L. Clay, J. Mahdavi, G.J. McRae. Scheduling in the Presence ofUncertainty: The Linear Assignment Problem, In Proceedings ofAIChE National Meeting, Pittsburgh, Pennsylvania, August 1991.[7] R.L. Clay, and G.J. McRae. Solution of Large-Scale Modeling andOptimization Problems Using Heterogeneous SupercomputingSystems, In SuParCup 1991 Proceedings, Mannheim, Germany,1991.[8]G.B. Dantzig. Planning Under Uncertainty Using ParallelComputing, Technical Report SOL 87-1, Department of OperationsResearch, Stanford University, 1987.[9]G.A. Geist and V.S. Sunderam. The PVM System: SupercomputerLevel Concurrent Computation on a Heterogeneous Network ofWorkstations, In Proceedings of the Sixth Distributed MemoryComputing Conference, pages 258-261, IEEE, April 1991.

- 25 -[10]I.E. Grossmann and D.A. Straub. Recent Developments in theEvaluation and Optimization of Flexible Chemical Processes, In L.Puigjaner and A. Espuna (editor), Proceedings Computer-OrientedProcess Engineering, pages 49-59, Elsevier, 1991.[11]Michael Hemy and Peter Steenkiste. Gigabit IO for Distributed-Memory Systems: Architecture and Applications, In Proceedings ofSupercomputing ’95, to appear, ACM/IEEE, December 1995.[12]Intel Corporation. Paragon X/PS Product Overview, March 1991.[13]M.Z. Iqbal, M. Stern, J. Young, H. Izadpanah, R. Standley, and J.L.Gimlett. A 2.5 Gb/s SONET Datalink with STS-12c Inputs andHiPPI interface for Gigabit Computer Networks, In GLOBECOM ’92Conference Record, pages 1196-1200, Orlando, Florida, December1992. IEEE.[14]R. Jonker, and A. Volgenant. A Shortest Augmenting PathAlgorithm for Dense and Sparse Linear Assignment Problems,Computing 38, pages 325-340, 1987.[15]Karl Kleinpaste, Peter Steenkiste, and Brian Zill. Software Supportfor Outboard Buffering and Checksumming. In Proceedings of theSIGCOMM �95 Symposium on Communication Architectures andProtocols, to appear, ACM, August/September 1995.[16]Thomas T. Kwan and Jeffrey A. Terstriep. Experiments with aGigabit Neuroscience Application on the CM-2. In Proceedings ofSupercomputing ’93, pages 133-142, Oregon, November 1993.ACM/IEEE.[17]E.L. Lawler. Combinatorial Optimization: Networks and Matroids,Holt, Rinehart, and Winston, New York, 1976.[18]J. Mahdavi, G. L. Huntoon, and M. B. Mathis. Deployment of aHiPPI-based Distributed Supercomputing Environment at thePittsburgh Supercomputing Center, In Proceedings of the Workshopon Heterogeneous Processing, pages 93-96, March 1992. IEEE.[19]Jamshid Mahdavi, Gwendolyn L. Huntoon, and Matthew B. Mathis.Deployment of a HiPPI-based Distributed SupercomputingEnvironment at the Pittsburgh Supercomputing Center, InInternational Parallel Processing Symposium, Los Angeles, April1992. IEEE.[20]S. Martello and P. Toth. Linear Assignment Problem, Annals ofDiscrete Mathematics 31, pages 259-282, 1987.

- 26 -[21]L.F. McGinnis. Implementation and Testing of a Primal-DualAlgorithm for the Assignment Problem, Operations Research 31(2),March-April, 1983.[22]Carlos R. Mechoso, John Farrara and Josheph Spahr. Running aClimate Model in a Heterogeneous, Distributed ComputerEnvironment, In Proceedings of the Third International Symposiumon High-Performance Distributed Computing, pages 79-84. IEEE,San Fransisco, August 1994.[23]Special Report. Gigabit network testbeds. IEEE Computer,23(9):77-80, September 1990.[24]Peter A. Steenkiste, Michael Hemy, Todd Mummert, Brian Zill.Architecture and Evaluation of a High-Speed Networking Subsystemfor Distributed-Memory Systems, In Proceedings of the 21st AnnualInternational Symposium on Computer Architecture, IEEE, pages154-163, May 1994.[25]Peter A. Steenkiste, Brian D. Zill, H.T. Kung, Steven J. Schlick, JimHughes, Bob Kowalski, and John Mullaney. A Host InterfaceArchitecture for High-Speed Networks, In Proceedings of the 4thIFIP Conference on High Performance Networks, pages A3 1-16,Liege, Belgium, December 1992. IFIP, Elsevier.[26]Jaspal Subhlok, Jim Stichnoth, Dave O’Hallaron, and Thomas Gross.Programming task and data parallelism on a multicomputer. InProceedings of the ACM Symposium on Principles and Practice ofParallel Programming, pages 13-22, May 1993.[27]R.J. Vetter, D.H.C. Du, A.E. Klietz. Network Supercomputing:Experiments with a Cray-2 to CM-2 HiPPI Connection, InProceedings of the Workshop on Heterogeneous Processing, pages87-92. IEEE, March 1992.

- 27 -AppendixPerformance Model 2-D Plots10100100010000

Phase 1 estimated time (sec)

10100Network Bandwidth (MB/s)102451225612864iWarp nodesFigure A.1 Estimated execution time (sec) for generation and analysisphase (size 4k) as a function of network bandwidth (MB/sec) and iWarpsystem size (number of nodes).

- 28 -0200400600800

Phase 2 estimated time (sec)

10100Network Bandwidth (MB/s)128k64k32k16k8kCM-2 nodesFigure A2 Estimated execution time (sec) for LAP solver phase (size 4k)as a function of the network bandwidth (MB/sec) and the size of the CM-2system (number of nodes). Sparse incidence matrix transferred from CM-2 to C-90.100100010000

LAP estimated time (sec)

10100Network Bandwidth (MB/s)102451225612864iWarp nodesFigure A.3 Estimated execution time (sec) for combined LAP application(size 4k) as a function of iWarp/C-90/CM-2 network bandwidth (MB/sec)and iWarp system size (number of nodes) — sparse approach, 64k CM-2nodes.

- 29 -100100010000

LAP estimated time (sec)

10100Network Bandwidth (MB/s)128k64k32k16k8kCM-2 nodes(a) 256 iWarp nodes100100010000

10100Network Bandwidth (MB/s)128k64k32k16k8kCM-2 nodes(b) 1024 iWarp nodesFigure A.4 Estimated execution time (sec) for the LAP application (size4k) as a function of the iWarp/C-90/CM-2 network bandwidth (MB/sec)and size of the CM-2 (number of nodes), for two iWarp system sizes,sparse incidence matrix transferred from CM-2 to C-90.

- 30 -0200400600800

Phase 2 estimated time (sec)

10100Network Bandwidth (MB/s)128k64k32k16k8kCM-2 nodesFigure A.5 Estimated execution time (sec) for LAP solver phase (size 4k)as a function of the network bandwidth (MB/sec) and the size of the CM-2system (number of nodes). Dense incidence matrix transferred from CM-2 to C-90.

- 31 -Author Biographical SketchesRobert L. Clay is a Senior Member Technical Staff in the DistributedSystems Research Department at Sandia National Labs in Livermore, CA.His research interests and activities include: stochastic systemcharacterization and optimization, large-scale modeling and optimization,heterogeneous supercomputing, scaleable numerical methods, andapplication of intelligent agents for distributed computing.Robert holds a B.S. in Chemical Engineering from the University ofTennessee, Knoxville, and M.S. and Ph.D. degrees in ChemicalEngineering from Carnegie-Mellon University, Pittsburgh, PA. Robertcan be reached via (internet) email at rlclay@ca.sandia.gov; by phone at(510) 294-3193; by snail-mail at: Dr. R.L. Clay, MS 9011, P.O. Box 969,Sandia National Laboratories, Livermore, CA 94551-0969.Peter Steenkiste is a Senior Research Scientist in the School of ComputerScience at Carnegie Mellon University, Pittsburgh, PA. Peter�s researchinterests involve high-performance networking and distributed computing.His research projects include:¥ Gigabit Nectar (high-performance networking)¥ Nectar testbed (distributed computing)¥ Credit Net (ATM networking)¥ Gems (Environmental modeling application).Peter�s mailing address is: School of Computer Science, Carnegie MellonUniversity, 5000 Forbes Avenue, Pittsburgh, PA 15213-3891. He can bereached by phone at: (voice) 412-268-3261 : (fax) 412-268-5576, or viaemail at prs@cs.cmu.edu. The URL for Peter�s web page is:http://www.cs.cmu.edu/afs/cs/usr/prs/WWW/PeterSteenkiste.html