UNIVERSITY OF CALIFORNIA, SAN DIEGO

Performance Prediction and Scheduling for Parallel Applications on Multi-User Clusters

A dissertation submitted in partial satisfaction of the requirements for the degree Doctor of Philosophy in Computer Science

by

Jennifer Melinda Schopf

Committee in charge:

Professor Francine Berman, Chairperson Professor Larry Carter Professor Mark Ellisman Professor William G. Griswold Professor Peter Taylor

1998

Copyright Jennifer Melinda Schopf, 1998 All rights reserved.

The dissertation of Jennifer Melinda Schopf is approved, and it is acceptable in quality and form for publication on microfilm:

Chair

University of California, San Diego

1998

TABLE OF CONTENTS

Signature Page . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Table of Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xvii

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xx

Vita, Publications, and Fields of Study . . . . . . . . . . . . . . . . . . xxii

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xxiii

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 A. High Performance Distributed Parallel

Computing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3 B. Performance Prediction Models . . . . . . . . . . . . . . . . . . . . . 4 C. Point Values and Stochastic Values . . . . . . . . . . . . . . . . . . . 7 D. Stochastic Scheduling . . . . . . . . . . . . . . . . . . . . . . . . . . 9 E. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12 F. Dissertation Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2 Experimental Environment . . . . . . . . . . . . . . . . . . . . . . . . . 13 A. Experimental Platforms . . . . . . . . . . . . . . . . . . . . . . . . . 13 B. Workload Characterization . . . . . . . . . . . . . . . . . . . . . . . 15 C. Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 D. Master-Slave Applications . . . . . . . . . . . . . . . . . . . . . . . . 18 1. Genetic Algorithm Application . . . . . . . . . . . . . . . . . . . 21 2. High Temperature Superconductor Kernel . . . . . . . . . . . . . 21 3. N-body Code . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23 E. Regular SPMD Applications . . . . . . . . . . . . . . . . . . . . . . 24 1. Successive Over-Relaxation Code . . . . . . . . . . . . . . . . . . 25 2. NPB LU Benchmark . . . . . . . . . . . . . . . . . . . . . . . . . 25 3. SP Benchmark . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27 4. EP Kernel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3 Structural Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31 A. Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32 1. Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34 2. Application Profile . . . . . . . . . . . . . . . . . . . . . . . . . . 35 3. Building Structural Models . . . . . . . . . . . . . . . . . . . . . 36 4. Practical Issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

B. Modeling the Genetic Algorithm Code . . . . . . . . . . . . . . . . . 42 1. GA Recap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42 2. Top-level Model for GA . . . . . . . . . . . . . . . . . . . . . . . 43 3. Modeling GA Computation Components . . . . . . . . . . . . . . 46 4. Modeling GA Communication Components . . . . . . . . . . . . 47 5. GA Application on the PCL Cluster . . . . . . . . . . . . . . . . 50 6. GA on Linux Cluster . . . . . . . . . . . . . . . . . . . . . . . . 57 7. GA on Alpha Farm Cluster . . . . . . . . . . . . . . . . . . . . . 59 8. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60 C. Modeling the SOR Benchmark . . . . . . . . . . . . . . . . . . . . . 63 1. Top-level Model for SOR . . . . . . . . . . . . . . . . . . . . . . 63 2. Component Models for SOR . . . . . . . . . . . . . . . . . . . . 65 3. SOR on the PCL Cluster . . . . . . . . . . . . . . . . . . . . . . 67 4. SOR on Linux Cluster and SDSC Alpha Farm . . . . . . . . . . 69 5. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71 D. Other Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . 75 1. Modeling the N-body Code . . . . . . . . . . . . . . . . . . . . . 75 2. Modeling the Hi-Temp Code . . . . . . . . . . . . . . . . . . . . 81 3. Modeling the LU Benchmark . . . . . . . . . . . . . . . . . . . . 87 4. Modeling the SP Benchmark . . . . . . . . . . . . . . . . . . . . 92 5. Modeling the EP Benchmark . . . . . . . . . . . . . . . . . . . . 94 6. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97 E. Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97 1. Models for Parallel Applications . . . . . . . . . . . . . . . . . . 97 2. Compositional Approaches . . . . . . . . . . . . . . . . . . . . . 98 3. Component Models . . . . . . . . . . . . . . . . . . . . . . . . . 99 4. Related Petri Net Work . . . . . . . . . . . . . . . . . . . . . . . 101 5. Application Profile . . . . . . . . . . . . . . . . . . . . . . . . . . 101 6. Model Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . 102 F. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4 Stochastic Values and Predictions . . . . . . . . . . . . . . . . . . . . . 105 A. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106 1. Statistics and Notation . . . . . . . . . . . . . . . . . . . . . . . 108 2. Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109 B. Defining Stochastic Values using Normal

Distributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110 1. Time Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111 2. Arithmetic Operations over Normal Distributions . . . . . . . . . 112 3. Using Normal Distributions for Non-normal

Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117 4. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121 C. Representing Stochastic Values using

Intervals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

1. Defining Intervals . . . . . . . . . . . . . . . . . . . . . . . . . . 124 2. Arithmetic over Intervals . . . . . . . . . . . . . . . . . . . . . . 124 3. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126 D. Representing Stochastic Values using

Histograms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128 1. Defining Histograms . . . . . . . . . . . . . . . . . . . . . . . . . 128 2. Arithmetic over Histograms . . . . . . . . . . . . . . . . . . . . . 130 3. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134 E. Comparison of Stochastic Representations . . . . . . . . . . . . . . . 135 F. Experimental Verification . . . . . . . . . . . . . . . . . . . . . . . . 135 1. SOR on PCL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136 2. GA on PCL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142 3. NBody on PCL . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151 4. LU on PCL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163 5. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169 G. Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169 H. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

5 Stochastic Scheduling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173 A. Scheduling Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 173 1. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174 2. Assumptions and Outline . . . . . . . . . . . . . . . . . . . . . . 176 B. Stochastic Time Balancing . . . . . . . . . . . . . . . . . . . . . . . 177 1. Using Stochastic Information . . . . . . . . . . . . . . . . . . . . 178 2. The Tuning Factor . . . . . . . . . . . . . . . . . . . . . . . . . . 179 C. Stochastic Scheduling Experiments . . . . . . . . . . . . . . . . . . . 184 1. Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . . 185 2. SOR on Linux Cluster . . . . . . . . . . . . . . . . . . . . . . . . 187 3. SOR on PCL Cluster . . . . . . . . . . . . . . . . . . . . . . . . 196 4. GA on Linux Cluster . . . . . . . . . . . . . . . . . . . . . . . . 202 5. GA on PCL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209 6. N-body Code on Linux Cluster . . . . . . . . . . . . . . . . . . . 218 7. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227 D. Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227 1. Scheduling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227 2. Data Allocation . . . . . . . . . . . . . . . . . . . . . . . . . . . 227 3. Other Related Approaches . . . . . . . . . . . . . . . . . . . . . 228 E. Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 229

6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231 A. Critique and Extensions . . . . . . . . . . . . . . . . . . . . . . . . . 231 B. Conclusions and Contributions . . . . . . . . . . . . . . . . . . . . . 233

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 235

LIST OF FIGURES

2.1 Graph of one iteration of an Assign Master-Slave application. . . . . 19 2.2 Pseudocode for an Assign Master-Slave application. . . . . . . . . . 19 2.3 Graph of one iteration of a Request Master-Slave application. . . . 20 2.4 Pseudocode for a Request Master-Slave application. . . . . . . . . . 20 2.5 Pseudocode for GA Application . . . . . . . . . . . . . . . . . . . . 22 2.6 Pseudocode for HiTemp kernel . . . . . . . . . . . . . . . . . . . . . 23 2.7 Pseudocode for the N^2 N-body Code. . . . . . . . . . . . . . . . . . 24 2.8 Strip decomposition for Red-Black SOR . . . . . . . . . . . . . . . 25 2.9 Pseudocode for the SOR benchmark. . . . . . . . . . . . . . . . . . 26 2.10 Wavefront execution of the LU benchmark, shown for a single z plane, labeled with order of execution possible. . . . . . . . . . . . . 27

3.1 Pseudocode for the Genetic Algorithm application. . . . . . . . . . 42 3.2 Graphic of the top-level model in Equation 3.1 for the Genetic Algorithm Master-Slave application. The lefthand-side is a dependency graph of the application, and the righthand-side is a graphic for the structural model, with the long bar representing the top-level model, and each of the shaded pieces on the far right representing individual component models. . . . . . . . . . . . . . . . . . . . . . 45 3.3 Graphic of model options for Genetic Algorithm code. The long white bar represents the top-level model, and each of the patterned components on the right represent possible component models. There are multiple component models available for each task defined in the top-level model. Two of the component models for both the Scatter and Gather include an additional component model for PtToPt. Each of these models can be selected independently. . . . . . . . . . 51 3.4 Actual times versus model times for GA Code on PCL platform using operation count and benchmark models when communication is set to zero. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54 3.5 Actual times versus model times for GA Code on Linux cluster platform using benchmark slave model with and without communication models set to zero. . . . . . . . . . . . . . . . . . . . . . . . . . . . 59 3.6 Actual times versus model times for GA Code on Alpha Farm platform using benchmark models where Scatter=0 and Gather = 0. . 61 3.7 Skew can be generated by un-balanced processors sharing data. In this figure, the dashed lines indicated message wait time in the message queue. Note that as P1 affects P2. then P2’s wait times affect the start times for P3. . . . . . . . . . . . . . . . . . . . . . . . . . 65 3.8 Graph of SOR on dedicated PCL Cluster showing results of actual execution times and models. Note that this graph is on a log-linear scale to show the error in the highest and lowest problem sizes. . . 70

3.9 Actual times versus benchmark and operation count model times for SOR benchmark on dedicated Linux cluster. . . . . . . . . . . . 73 3.10 Actual times versus model times for SOR Code on Alpha Farm platform using benchmark model and operation count model (communication = 0). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74 3.11 Graph showing benchmark and operation count models without communication, and actual values and means for N-Body code on PCL Cluster. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78 3.12 Graph showing benchmark and operation count models with communication models, with actual values and means for N-Body code on PCL Cluster. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79 3.13 Graph of N-body application on Linux cluster, modeled versus actual execution times. . . . . . . . . . . . . . . . . . . . . . . . . . . 80 3.14 Graph of actual versus modeled execution times for Hi-Temp code on Linux cluster. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85 3.15 Graph showing results of benchmark model and actual execution times for Hi-Temperature code on PCL cluster. . . . . . . . . . . . 86 3.16 Modeled versus actual execution times for LU benchmark on Linux Cluster. Note this is a log-linear graph. . . . . . . . . . . . . . . . . 90 3.17 Graph of an simple model for LU on PCL cluster and actual times.

Note that this graph is on a log-linear scale. . . . . . . . . . . . . . 91 3.18 Actual times versus modeled times for SP on Alpha Farm. . . . . . 93 3.19 Actual times versus modeled times for EP on Alpha Farm. Note log-linear graph. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95 3.20 Actual times versus modeled times for EP on Linux cluster. Note log-linear graph. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.1 Stochastic predictions are created by parameterizing structural models with stochastic values. . . . . . . . . . . . . . . . . . . . . . . . 107 4.2 Graphs showing the pdf and cdf of SOR benchmark with normal distribution based on data mean and standard deviation. . . . . . . 111 4.3 Graphs showing the pdf and cdf for bandwidth between two workstations over 10Mbits ethernet with long-tailed distribution and corresponding normal distribution. . . . . . . . . . . . . . . . . . . . . 118 4.4 Graph showing histogram of dedicated behavior of GA code for problem size 800 on a Sparc 10. . . . . . . . . . . . . . . . . . . . . 119 4.5 Available CPU on a production workstation. . . . . . . . . . . . . . 120 4.6 Time series showing temporal locality of CPU data. . . . . . . . . . 121 4.7 Time series showing non-temporal locality of CPU data. . . . . . . 122 4.8 Four sample stochastic values, each with the same interval representation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127 4.9 Graph showing example of a histogram. . . . . . . . . . . . . . . . . 129 4.10 Histograms for sample parameters D and E . . . . . . . . . . . . . . 132 4.11 Histogram of intermediate results for D + E . . . . . . . . . . . . . 132

4.12 Result of D + E using Lüthi’s pdf construction techniques. . . . . . 133 4.13 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the SOR benchmark on the PCL cluster with CPU loads shown in Figures 4.15 through 4.18. . 136 4.14 Comparison of point value prediction and stochastic value prediction represented by intervals for the SOR benchmark on the PCL cluster with CPU loads shown in Figures 4.15 through 4.18. . . . . . . . . 137 4.15 CPU values during runtime for prediction experiments depicted in Figure 4.13 and Figure 4.14 on Lorax, in the PCL cluster. . . . . . 138 4.16 CPU values during runtime for prediction experiments depicted in Figure 4.13 and Figure 4.14 on Picard, in the PCL cluster. . . . . . 138 4.17 CPU values during runtime for prediction experiments depicted in Figure 4.13 and Figure 4.14 on Thing1, in the PCL cluster. . . . . . 138 4.18 CPU values during runtime for prediction experiments depicted in Figure 4.13 and Figure 4.14 on Thing2, in the PCL cluster. . . . . . 138 4.19 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the SOR benchmark on the PCL cluster with CPU loads shown in Figures 4.21 through 4.24. . 139 4.20 Comparison of point value prediction and stochastic value prediction represented by intervals for the SOR benchmark on the PCL cluster with CPU loads shown in Figures 4.21 through 4.24. . . . . . . . . 140 4.21 CPU values during runtime for prediction experiments depicted in Figure 4.19 and Figure 4.20 on Lorax, in the PCL cluster. . . . . . 141 4.22 CPU values during runtime for prediction experiments depicted in Figure 4.19 and Figure 4.20 on Picard, in the PCL cluster. . . . . . 141 4.23 CPU values during runtime for prediction experiments depicted in Figure 4.19 and Figure 4.20 on Thing1, in the PCL cluster. . . . . . 141 4.24 CPU values during runtime for prediction experiments depicted in Figure 4.19 and Figure 4.20 on Thing2, in the PCL cluster. . . . . . 141 4.25 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the GA benchmark on the PCL cluster with CPU loads shown in Figures 4.27 through 4.30. . 142 4.26 Comparison of point value prediction and stochastic value prediction represented by intervals for the GA benchmark on the PCL cluster with CPU loads shown in Figures 4.27 through 4.30. . . . . . . . . 143 4.27 CPU values during runtime for prediction experiments depicted in Figure 4.25 and Figure 4.26 on Lorax, in the PCL cluster. . . . . . 144 4.28 CPU values during runtime for prediction experiments depicted in Figure 4.25 and Figure 4.26 on Picard, in the PCL cluster. . . . . . 144 4.29 CPU values during runtime for prediction experiments depicted in Figure 4.25 and Figure 4.26 on Thing1, in the PCL cluster. . . . . . 144 4.30 CPU values during runtime for prediction experiments depicted in Figure 4.25 and Figure 4.26 on Thing2, in the PCL cluster. . . . . . 144

4.31 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the GA benchmark on the PCL cluster with CPU loads shown in Figures 4.33 through 4.36. . 145 4.32 Comparison of point value prediction and stochastic value prediction represented by intervals for the GA benchmark on the PCL cluster with CPU loads shown in Figures 4.33 through 4.36. . . . . . . . . 146 4.33 CPU values during runtime for prediction experiments depicted in Figure 4.31 and Figure 4.32 on Lorax, in the PCL cluster. . . . . . 147 4.34 CPU values during runtime for prediction experiments depicted in Figure 4.31 and Figure 4.32 on Picard, in the PCL cluster. . . . . . 147 4.35 CPU values during runtime for prediction experiments depicted in Figure 4.31 and Figure 4.32 on Thing1, in the PCL cluster. . . . . . 147 4.36 CPU values during runtime for prediction experiments depicted in Figure 4.31 and Figure 4.32 on Thing2, in the PCL cluster. . . . . . 147 4.37 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the GA benchmark on the PCL cluster with CPU loads shown in Figures 4.39 through 4.42. . 148 4.38 Comparison of point value prediction and stochastic value prediction represented by intervals for the GA benchmark on the PCL cluster with CPU loads shown in Figures 4.39 through 4.42. . . . . . . . . 149 4.39 CPU values during runtime for prediction experiments depicted in Figure 4.37 and Figure 4.38 on Lorax, in the PCL cluster. . . . . . 150 4.40 CPU values during runtime for prediction experiments depicted in Figure 4.37 and Figure 4.38 on Picard, in the PCL cluster. . . . . . 150 4.41 CPU values during runtime for prediction experiments depicted in Figure 4.37 and Figure 4.38 on Thing1, in the PCL cluster. . . . . . 150 4.42 CPU values during runtime for prediction experiments depicted in Figure 4.37 and Figure 4.38 on Thing2, in the PCL cluster. . . . . . 150 4.43 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.45 through 4.48.151 4.44 Comparison of point value prediction and stochastic value prediction represented by intervals for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.45 through 4.48. . . . . 152 4.45 CPU values during runtime for prediction experiments depicted in Figure 4.43 and Figure 4.44 on Lorax, in the PCL cluster. . . . . . 153 4.46 CPU values during runtime for prediction experiments depicted in Figure 4.43 and Figure 4.44 on Picard, in the PCL cluster. . . . . . 153 4.47 CPU values during runtime for prediction experiments depicted in Figure 4.43 and Figure 4.44 on Thing1, in the PCL cluster. . . . . . 153 4.48 CPU values during runtime for prediction experiments depicted in Figure 4.43 and Figure 4.44 on Thing2, in the PCL cluster. . . . . . 153

4.49 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.51 through 4.54.154 4.50 Comparison of point value prediction and stochastic value prediction represented by intervals for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.51 through 4.54. . . . . 155 4.51 CPU values during runtime for prediction experiments depicted in Figure 4.49 and Figure 4.50 on Lorax, in the PCL cluster. . . . . . 156 4.52 CPU values during runtime for prediction experiments depicted in Figure 4.49 and Figure 4.50 on Picard, in the PCL cluster. . . . . . 156 4.53 CPU values during runtime for prediction experiments depicted in Figure 4.49 and Figure 4.50 on Thing1, in the PCL cluster. . . . . . 156 4.54 CPU values during runtime for prediction experiments depicted in Figure 4.49 and Figure 4.50 on Thing2, in the PCL cluster. . . . . . 156 4.55 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.57 through 4.60.157 4.56 Comparison of point value prediction and stochastic value prediction represented by intervals for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.57 through 4.60. . . . . 158 4.57 CPU values during runtime for prediction experiments depicted in Figure 4.55 and Figure 4.56 on Lorax, in the PCL cluster. . . . . . 159 4.58 CPU values during runtime for prediction experiments depicted in Figure 4.55 and Figure 4.56 on Picard, in the PCL cluster. . . . . . 159 4.59 CPU values during runtime for prediction experiments depicted in Figure 4.55 and Figure 4.56 on Thing1, in the PCL cluster. . . . . . 159 4.60 CPU values during runtime for prediction experiments depicted in Figure 4.55 and Figure 4.56 on Thing2, in the PCL cluster. . . . . . 159 4.61 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.63 through 4.66.160 4.62 Comparison of point value prediction and stochastic value prediction represented by intervals for the Nbody benchmark on the PCL cluster with CPU loads shown in Figures 4.63 through 4.66. . . . . 161 4.63 CPU values during runtime for prediction experiments depicted in Figure 4.61 and Figure 4.62 on Lorax, in the PCL cluster. . . . . . 162 4.64 CPU values during runtime for prediction experiments depicted in Figure 4.61 and Figure 4.62 on Picard, in the PCL cluster. . . . . . 162 4.65 CPU values during runtime for prediction experiments depicted in Figure 4.61 and Figure 4.62 on Thing1, in the PCL cluster. . . . . . 162 4.66 CPU values during runtime for prediction experiments depicted in Figure 4.61 and Figure 4.62 on Thing2, in the PCL cluster. . . . . . 162

4.67 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the LU benchmark on the PCL cluster with CPU loads shown in Figures 4.69 through 4.72. . 163 4.68 Comparison of point value prediction and stochastic value prediction represented by intervals for the LU benchmark on the PCL cluster with CPU loads shown in Figures 4.69 through 4.72. . . . . . . . . 164 4.69 CPU values during runtime for prediction experiments depicted in Figure 4.67 and Figure 4.68 on Lorax, in the PCL cluster. . . . . . 165 4.70 CPU values during runtime for prediction experiments depicted in Figure 4.67 and Figure 4.68 on Picard, in the PCL cluster. . . . . . 165 4.71 CPU values during runtime for prediction experiments depicted in Figure 4.67 and Figure 4.68 on Thing1, in the PCL cluster. . . . . . 165 4.72 CPU values during runtime for prediction experiments depicted in Figure 4.67 and Figure 4.68 on Thing2, in the PCL cluster. . . . . . 165 4.73 Comparison of point value prediction and stochastic value prediction represented by normal distributions for the LU benchmark on the PCL cluster with CPU loads shown in Figures 4.75 through 4.78. . 166 4.74 Comparison of point value prediction and stochastic value prediction represented by intervals for the LU benchmark on the PCL cluster with CPU loads shown in Figures 4.75 through 4.78. . . . . . . . . 167 4.75 CPU values during runtime for prediction experiments depicted in Figure 4.73 and Figure 4.74 on Lorax, in the PCL cluster. . . . . . 168 4.76 CPU values during runtime for prediction experiments depicted in Figure 4.73 and Figure 4.74 on Picard, in the PCL cluster. . . . . . 168 4.77 CPU values during runtime for prediction experiments depicted in Figure 4.73 and Figure 4.74 on Thing1, in the PCL cluster. . . . . . 168 4.78 CPU values during runtime for prediction experiments depicted in Figure 4.73 and Figure 4.74 on Thing2, in the PCL cluster. . . . . . 168

5.1 Possible work allocation schemes and associated scheduling policies. 176 5.2 Diagram depicting the relative values of Tuning Factors for different configurations of power and variability. . . . . . . . . . . . . . . . . 181 5.3 Algorithm to Compute Tuning Factor. . . . . . . . . . . . . . . . . 182 5.4 Comparison of Mean, VTF, and 95TF policies, for the SOR benchmark on the Linux cluster with CPU loads shown in Figures 5.5 through 5.8. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188 5.5 CPU values during runtime for scheduling experiments depicted in Figure 5.4 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 189 5.6 CPU values during runtime for scheduling experiments depicted in Figure 5.4 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 189 5.7 CPU values during runtime for scheduling experiments depicted in Figure 5.4 on Saltimbanco, in the Linux cluster. . . . . . . . . . . . 189 5.8 CPU values during runtime for scheduling experiments depicted in Figure 5.4 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . . 189

5.9 Comparison of Mean, VTF, and 95TF policies, for the SOR benchmark on the Linux cluster with CPU loads shown in Figures 5.10 through 5.13. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191 5.10 CPU values during runtime for scheduling experiments depicted in Figure 5.9 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 192 5.11 CPU values during runtime for scheduling experiments depicted in Figure 5.9 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 192 5.12 CPU values during runtime for scheduling experiments depicted in Figure 5.9 on Saltimbanco, in the Linux cluster. . . . . . . . . . . . 192 5.13 CPU values during runtime for scheduling experiments depicted in Figure 5.9 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . . 192 5.14 Comparison of Mean, VTF, and 95TF policies, for the SOR benchmark on the Linux cluster with CPU loads shown in Figures 5.15 through 5.18. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 194 5.15 CPU values during runtime for scheduling experiments depicted in Figure 5.14 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 195 5.16 CPU values during runtime for scheduling experiments depicted in Figure 5.14 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 195 5.17 CPU values during runtime for scheduling experiments depicted in Figure 5.14 on Saltimbanco, in the Linux cluster. . . . . . . . . . . 195 5.18 CPU values during runtime for scheduling experiments depicted in Figure 5.14 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . 195 5.19 Comparison of Mean, VTF, and 95TF policies, for the SOR benchmark on the Linux cluster with CPU loads shown in Figures 5.20 through 5.23. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197 5.20 CPU values during runtime for scheduling experiments depicted in Figure 5.19 on Lorax, in the PCL cluster. . . . . . . . . . . . . . . . 198 5.21 CPU values during runtime for scheduling experiments depicted in Figure 5.19 on Picard, in the PCL cluster. . . . . . . . . . . . . . . 198 5.22 CPU values during runtime for scheduling experiments depicted in Figure 5.19 on Thing1, in the PCL cluster. . . . . . . . . . . . . . . 198 5.23 CPU values during runtime for scheduling experiments depicted in Figure 5.19 on Thing2, in the PCl cluster. . . . . . . . . . . . . . . 198 5.24 Comparison of Mean, VTF, and 95TF policies, for the SOR benchmark on the Linux cluster with CPU loads shown in Figures 5.25 through 5.28. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200 5.25 CPU values during runtime for scheduling experiments depicted in Figure 5.24 on Lorax, in the PCL cluster. . . . . . . . . . . . . . . . 201 5.26 CPU values during runtime for scheduling experiments depicted in Figure 5.24 on Picard, in the PCL cluster. . . . . . . . . . . . . . . 201 5.27 CPU values during runtime for scheduling experiments depicted in Figure 5.24 on Thing1, in the PCL cluster. . . . . . . . . . . . . . . 201

5.28 CPU values during runtime for scheduling experiments depicted in Figure 5.24 on Thing2, in the PCl cluster. . . . . . . . . . . . . . . 201 5.29 Run times for GA application with even data decomposition on Linux cluster. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202 5.30 Comparison of Mean, VTF, and 95TF policies, for the GA code on the Linux cluster with CPU loads shown in Figures 5.31 through 5.34.204 5.31 CPU values during runtime for scheduling experiments depicted in Figure 5.30 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 205 5.32 CPU values during runtime for scheduling experiments depicted in Figure 5.30 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 205 5.33 CPU values during runtime for scheduling experiments depicted in Figure 5.30 on Saltimbanco, in the Linux cluster. . . . . . . . . . . 205 5.34 CPU values during runtime for scheduling experiments depicted in Figure 5.30 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . 205 5.35 Comparison of Mean, VTF, and 95TF policies, for the GA code on the Linux cluster with CPU loads shown in Figures 5.36 through 5.39.207 5.36 CPU values during runtime for scheduling experiments depicted in Figure 5.35 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 208 5.37 CPU values during runtime for scheduling experiments depicted in Figure 5.35 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 208 5.38 CPU values during runtime for scheduling experiments depicted in Figure 5.35 on Saltimbanco, in the Linux cluster. . . . . . . . . . . 208 5.39 CPU values during runtime for scheduling experiments depicted in Figure 5.35 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . 208 5.40 Comparison of Mean, VTF, and 95TF policies, for the GA code on the PCL cluster with CPU loads shown in Figures 5.41 through 5.44.210 5.41 CPU values during runtime for scheduling experiments depicted in Figure 5.40 on Lorax, in the PCL cluster. . . . . . . . . . . . . . . . 211 5.42 CPU values during runtime for scheduling experiments depicted in Figure 5.40 on Picard, in the PCL cluster. . . . . . . . . . . . . . . 211 5.43 CPU values during runtime for scheduling experiments depicted in Figure 5.40 on Thing1, in the PCL cluster. . . . . . . . . . . . . . . 211 5.44 CPU values during runtime for scheduling experiments depicted in Figure 5.40 on Thing2, in the PCL cluster. . . . . . . . . . . . . . . 211 5.45 Comparison of Mean, VTF, and 95TF policies, for the GA code on the PCL cluster with CPU loads shown in Figures 5.46 through 5.49.213 5.46 CPU values during runtime for scheduling experiments depicted in Figure 5.45 on Lorax, in the PCL cluster. . . . . . . . . . . . . . . . 214 5.47 CPU values during runtime for scheduling experiments depicted in Figure 5.45 on Picard, in the PCL cluster. . . . . . . . . . . . . . . 214 5.48 CPU values during runtime for scheduling experiments depicted in Figure 5.45 on Thing1, in the PCL cluster. . . . . . . . . . . . . . . 214

5.49 CPU values during runtime for scheduling experiments depicted in Figure 5.45 on Thing2, in the PCL cluster. . . . . . . . . . . . . . . 214 5.50 Comparison of Mean, VTF, and 95TF policies, for the GA code on the PCL cluster with CPU loads shown in Figures 5.51 through 5.54.216 5.51 CPU values during runtime for scheduling experiments depicted in Figure 5.50 on Lorax, in the PCL cluster. . . . . . . . . . . . . . . . 217 5.52 CPU values during runtime for scheduling experiments depicted in Figure 5.50 on Picard, in the PCL cluster. . . . . . . . . . . . . . . 217 5.53 CPU values during runtime for scheduling experiments depicted in Figure 5.50 on Thing1, in the PCL cluster. . . . . . . . . . . . . . . 217 5.54 CPU values during runtime for scheduling experiments depicted in Figure 5.50 on Thing2, in the PCL cluster. . . . . . . . . . . . . . . 217 5.55 Comparison of Mean, VTF, and 95TF policies, for the NBody benchmark on the Linux cluster with CPU loads shown in Figures 5.56 through 5.59. . . . . . . . . . . . . . . . . . . . . . . . . . 219 5.56 CPU values during runtime for scheduling experiments depicted in Figure 5.55 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 220 5.57 CPU values during runtime for scheduling experiments depicted in Figure 5.55 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 220 5.58 CPU values during runtime for scheduling experiments depicted in Figure 5.55 on Saltimbanco, in the Linux cluster. . . . . . . . . . . 220 5.59 CPU values during runtime for scheduling experiments depicted in Figure 5.55 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . 220 5.60 Comparison of Mean, VTF, and 95TF policies, for the NBody benchmark on the Linux cluster with CPU loads shown in Figures 5.61 through 5.64. . . . . . . . . . . . . . . . . . . . . . . . . . 222 5.61 CPU values during runtime for scheduling experiments depicted in Figure 5.60 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 223 5.62 CPU values during runtime for scheduling experiments depicted in Figure 5.60 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 223 5.63 CPU values during runtime for scheduling experiments depicted in Figure 5.60 on Saltimbanco, in the Linux cluster. . . . . . . . . . . 223 5.64 CPU values during runtime for scheduling experiments depicted in Figure 5.60 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . 223 5.65 Comparison of Mean, VTF, and 95TF policies, for the NBody benchmark on the Linux cluster with CPU loads shown in Figures 5.66 through 5.69. . . . . . . . . . . . . . . . . . . . . . . . . . 225 5.66 CPU values during runtime for scheduling experiments depicted in Figure 5.65 on Mystere, in the Linux cluster. . . . . . . . . . . . . . 226 5.67 CPU values during runtime for scheduling experiments depicted in Figure 5.65 on Quidam, in the Linux cluster. . . . . . . . . . . . . . 226 5.68 CPU values during runtime for scheduling experiments depicted in Figure 5.65 on Saltimbanco, in the Linux cluster. . . . . . . . . . . 226

5.69 CPU values during runtime for scheduling experiments depicted in Figure 5.65 on Soleil, in the Linux cluster. . . . . . . . . . . . . . . 226

LIST OF TABLES

1.1 Predicted and actual execution times for a unit of work in dedicated mode on two machines. . . . . . . . . . . . . . . . . . . . . . . . . . 5 1.2 Execution times for a unit of work in single-user and multi-user modes on two machines. Multi-user stochastic reports a mean and standard deviation, abbreviated sd. . . . . . . . . . . . . . . . . . 8 1.3 Conservative and optimistic scheduling assignments. . . . . . . . . 11

3.1 Profile of GA Code on PCL cluster. . . . . . . . . . . . . . . . . . . 52 3.2 Times in seconds for arithmetic operations on PCL Cluster Machines, means over 25 runs of 1,000,000 operations. . . . . . . . . . 53 3.3 GA Benchmarks on PCL cluster for problem size of 400, mean of 25 values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53 3.4 Bandwidth between processors of the PCL Cluster in MBytes/Sec.

These values were generated using a benchmark that sends 100 messages of a specified message size from processor x to processor y, and a single message consisting of a one byte acknowledgment from processor y to processor x after 100 messages. . . . . . . . . . . . . . . 56 3.5 Startup costs for messages on PCL Cluster in μ Sec, equal to Latency plus Packing time for message of n bytes. . . . . . . . . . . . 56 3.6 Profile of GA Code on Linux cluster. . . . . . . . . . . . . . . . . . 57 3.7 Profile of GA Code on Alpha Farm cluster. . . . . . . . . . . . . . . 60 3.8 Summary of the computation component models for SlaveBM used for the GA application on three dedicated platforms. . . . . . . . . 62 3.9 Summary of the computation component model for SlaveOpCt used for the GA application. . . . . . . . . . . . . . . . . . . . . . . 62 3.10 Summary of the Scatter component model used for the GA application on two dedicated machines. . . . . . . . . . . . . . . . . . . . 62 3.11 Summary of the Gather component model used for the GA application on two dedicated machines. . . . . . . . . . . . . . . . . . . . 62 3.12 Application Profile for SOR benchmark on PCL cluster. . . . . . . 67 3.13 Benchmark for RedComp and BlackComp based on SOR benchmark using no communication version of SOR for problem size of 2000 over 4 processors, with a mean of 25 runs. . . . . . . . . . . . . . . . . . 69 3.14 Benchmark for RedComp based on SOR benchmark for one processor at problem size of 500. . . . . . . . . . . . . . . . . . . . . . . . 69 3.15 Application Profile for SOR benchmark on Linux cluster and Alpha Farm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71 3.16 Summary of the computation component models for benchmark models for RedComp used in defining the SOR structural model on two dedicated platforms, exact component model definitions are given in Equations 3.41 and 3.42. . . . . . . . . . . . . . . . . . . . 71

3.17 Summary of the computation component models for benchmark models for RedComp used in defining the SOR structural model on two dedicated platforms, exact component model definitions are given in Equations 3.39 and 3.40. . . . . . . . . . . . . . . . . . . . 72 3.18 Summary of the computation component models for benchmark models for RedComm used in defining the SOR structural model on the dedicated Linux cluster, exact component model definitions are given in Equations 3.34 through 3.38. . . . . . . . . . . . . . . . 72 3.19 Profile for N-Body code on the PCL cluster and the Linux cluster. . 76 3.20 Summary of the computation component model for operation count used for the N-body application. . . . . . . . . . . . . . . . . . . . . 76 3.21 Summary of the computation component models for benchmark models defining the N-body structural model on two dedicated platforms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76 3.22 Summary of the Scatter component model used for the N-body application on two dedicated machines. . . . . . . . . . . . . . . . . 77 3.23 Summary of the Gather component model used for the N-body application on two dedicated machines. . . . . . . . . . . . . . . . . 77 3.24 Benchmarks for one processor N-body code on the PCL cluster at 750 problem size, mean over 20 runs. . . . . . . . . . . . . . . . . . 77 3.25 Profile for Hi-Temp code on the Linux and PCL Clusters. . . . . . . 82 3.26 Component model for CompJob(S_i) for Linux and PCL clusters. . 82 3.27 Benchmarks for Hi-Temp code on PCL cluster, mean of 20 runs for problem size 75. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83 3.28 Chart showing first seconds of execution of HiTemp application on PCL cluster, using benchmarks given in Table 3.27. Numbers represent job number stared on processor i at time t. . . . . . . . . . . 84 3.29 Chart showing first seconds of execution of HiTemp application on PCL cluster, using benchmarks given in Table 3.27. Numbers represent start time for job on processor i at time t, and “done” indicates when a processor is finished computing. . . . . . . . . . . . . . . . . 84 3.30 Application Profile for LU benchmark on Linux cluster . . . . . . . 87 3.31 Communication component models for LU benchmark on Linux cluster . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88 3.32 Computation component models for LU benchmark on Linux cluster and PCL cluster . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88 3.33 Application Profile for SP on the Alpha Farm . . . . . . . . . . . . 92 3.34 Model for the SP benchmark on the Alpha farm. . . . . . . . . . . . 92 3.35 Summary of the computation component models for benchmark models used in defining the EP structural model. . . . . . . . . . . 94 3.36 Summary of the computation component models for operation count models used in defining the EP structural model. . . . . . . . . . . 94

4.1 Arithmetic Combinations of a Stochastic Value with a Point Value and with other Stochastic Values [Bar78]. . . . . . . . . . . . . . . . 114 4.2 Addition and Subtraction over interval values, x = [x ¯ , x̄], y=[y ¯ , ȳ]. . 124 4.3 Multiplication of interval values x = [x ¯ ,x̄] and y = [y ¯ ,ȳ]. . . . . . . 125 4.4 Division of interval values x = [x ¯ ,x̄] and y = [y ¯ ,ȳ]. Note that interval division of^x_y is only defined if 0 is not in y. . . . . . . . . . . . . . . 125

5.1 Execution times for a unit of work in single-user and multi-user modes on two machines. . . . . . . . . . . . . . . . . . . . . . . . . 175 5.2 Conservative and optimistic scheduling assignments. . . . . . . . . 176 5.3 First 10 execution times for experiments pictured in Figure 5.4. . . 186 5.4 Summary statistics using Compare evaluation for experiment pictured in Figure 5.4. . . . . . . . . . . . . . . . . . . . . . . . . . . . 186 5.5 Summary statistics using Compare evaluation for experiment pictured in Figure 5.9. . . . . . . . . . . . . . . . . . . . . . . . . . . . 190 5.6 Summary statistics using Compare evaluation for experiment pictured in Figure 5.14. . . . . . . . . . . . . . . . . . . . . . . . . . . 193 5.7 Summary statistics using Compare evaluation for experiment pictured in Figure 5.19. . . . . . . . . . . . . . . . . . . . . . . . . . . 196 5.8 Summary statistics using Compare evaluation for experiment pictured in Figure 5.24. . . . . . . . . . . . . . . . . . . . . . . . . . . 199 5.9 Summary statistics using Compare evaluation for experiment pictured in Figure 5.30. . . . . . . . . . . . . . . . . . . . . . . . . . . 203 5.10 Summary statistics using Compare evaluation for experiment pictured in Figure 5.35. . . . . . . . . . . . . . . . . . . . . . . . . . . 206 5.11 Summary statistics using Compare evaluation for experiment pictured in Figure 5.40. . . . . . . . . . . . . . . . . . . . . . . . . . . 209 5.12 Summary statistics using Compare evaluation for experiment pictured in Figure 5.45. . . . . . . . . . . . . . . . . . . . . . . . . . . 212 5.13 Summary statistics using Compare evaluation for experiment pictured in Figure 5.50. . . . . . . . . . . . . . . . . . . . . . . . . . . 215 5.14 Summary statistics using Compare evaluation for experiment pictured in Figure 5.55. . . . . . . . . . . . . . . . . . . . . . . . . . . 218 5.15 Summary statistics using Compare evaluation for experiment pictured in Figure 5.60. . . . . . . . . . . . . . . . . . . . . . . . . . . 221 5.16 Summary statistics using Compare evaluation for experiment pictured in Figure 5.65. . . . . . . . . . . . . . . . . . . . . . . . . . . 224

ACKNOWLEDGMENTS

I would like to thank my advisor, Fran Berman, for all her support, encouragement and guidance over the last 5 years. Fran’s advice and insight have made an enormous contribution to this thesis, and life in general. Without her help, I’d be working for Rolling Stone right now.

Second only to Fran has been Rich Wolski’s influence on this work. Rich has commented, complained, suggested, and clarified many many things over the last several years, and he always had a time to chat (or drink coffee) when it was most needed.

Additionally, I thank the members of my committee: Larry Carter, Bill Griswold, Mark Ellisman, Peter Taylor, Reagan Moore and Charlie Brooks for their interest in this work and much needed feedback. And additional thanks to Professors Allen Downey and Keith Maruzllo who gave invaluable assistance along the way.

Special thanks to the other members of the lab, whose friendship and support helped make my graduate career if not fun, then at least interesting. In particular, thanks for all the late nights with Steve Fink, Neil Spring, Silvia Figueira, Graziano Obertelli, and Dmitrii Zagorodnov.

A big thanks to everyone who helped me with access to the various platforms used in this thesis: Phil Andrews and Frank Dwyer, both at SDSC, for use of the Alpha Farm; Neil Spring, SDSC and UCSD, Jim Hayes, UCSD and Graziano Obertelli, UCSD, for the Linux Cluster (aka the Circus); and the entire PCL for giving me dedicated time on the machines there.

Also, thanks to the people who donated or developed codes that were part of the test suite I used: Silvia Figueria, UCSD and SCU, for the original implementation of the SOR code; Karan Bhatia, UCSD, for the original implementation of the GA code; Kelsey Anderson, Harvey Mudd College, for her analysis of the NAS Parallel Benchmark during her CRA Distributed Mentoring summer; Alex Cereghini and Wes Ingalls for the N-body implementation, part of their CS 160 class project; James Kohl, ORNL, for the HiTemp code.

Thanks for the use of the Network Weather Service, originally developed by Rich Wolski, implemented by Neil Spring, and maintained by Jim Hayes and Graziano Obertelli. And to Neil and Dmitrii for help with data analysis.

This research was supported in part by NASA GSRP Grant #NGT-1- 52133, under the guidance of David Rudy, and DARPA Contract N66001-97-C- 8531, many thanks to Fredricka Darema.

To my family, for all your support: Mom, Ken, Tracy, Carl and Erin. And thanks to my non-computer science friends who kept me sane and whole: Dan, Mike, Heather, Aaron, Kacy, Coryne, and everyone else who made sure I ate and slept at semi-regular intervals. And of course, to Tiger, for being Tiger.

VITA

August 3, 1970 Born, Woods Hole, MA

1988 B.A. Mathematics/Computer Science Vassar College, Poughkeepsie, NY

1994 M.S. Computer Science University of California, San Diego

1998 Doctor of Philosophy University of California, San Diego

PUBLICATIONS

Schopf, J.M., and Berman, F., Performance Prediction in Production Environments, Proceedings of IPPS/SPDP ’98, April 1998. Also available as UCSD Technical Report #CS97-558, September 1997.

Schopf, J.M., Structural Prediction Models for High-Performance Distributed Applications, Proceedings of the Cluster Computing Conference (CCC ’97), March 1997. Also available as UCSD Technical Report #CS97-528.

Berman F., Wolski, R.M., Figueira, S., Schopf, J., and Shao, G., Application-Level Scheduling on Distributed Heterogeneous Networks, Proceedings of Supercomputing ’96, November 1996.

Wolski, R.M., Anglano, C., Schopf, J., and Berman, F., Developing Heterogeneous Applications Using Zoom and HeNCE, Proceedings of the Heterogeneous Processing Workshop, International Parallel Processing Symposium (IPPS), April 1995.

Schopf, J.M., and Berman, F., Performance Prediction Using Intervals, UCSD Technical Report #CS97-541, May 1997.

Anglano, C., Schopf, J., Wolski, R., and Berman, F., Zoom: A Hierarchical Representation for Heterogeneous Applications, UCSD Technical Report #CS95-451, October, 1995.

FIELDS OF STUDY

Major Field: Computer Science

Studies in Distributed Parallel Computing. Professor Francine Berman

ABSTRACT OF THE DISSERTATION

Performance Prediction and Scheduling for Parallel Applications on Multi-User Clusters by Jennifer Melinda Schopf Doctor of Philosophy in Computer Science University of California, San Diego, 1998 Professor Francine Berman, Chair

Current distributed parallel platforms can provide an efficient set of resources on which to execute many scientific applications. However, when these platforms are shared by multiple users, the performance of an application may be impacted in dynamic and unpredictable ways. In particular, it becomes challenging to achieve good performance for any single application in the system.

To efficiently use distributed parallel platforms, adaptive scheduling techniques are needed to leverage the dynamic performance characteristics of shared resources. A fundamental problem in developing adaptive schedulers is the inability to accurately predict application execution performance.

One promising approach to modeling distributed parallel applications is structural modeling. This approach decomposes application performance with respect to its functional structure into a top-level model and interacting component models, representing application tasks. Component models reflect the dynamic, time-dependent changes in effective capacities by allowing application or model developers to choose their parameterizations.

Many conventional models are parameterized by single (point) values. However, in shared environments, point values may provide an inaccurate representation of application behavior. An alternative to using point values is the use of stochastic values, or distributions. Whereas a point value provides a single value representation of a quantity, a stochastic value provides a set of possible values weighted by probabilities to represent a range of likely behavior.

Parameters for structural models can be stochastic values in order to accurately reflect a range of observed behavior, and lend themselves to advanced scheduling techniques. Performance models that cannot adapt to changing resource conditions are often insufficient for the resource selection and scheduling needs of production distributed parallel applications. We take advantage of of stochastic information and develop a stochastic scheduler to maximize application performance on shared clusters of workstations.

This thesis presents three main contributions: an approach to define distributed parallel application performance models called structural modeling, the ability to parameterize these models with stochastic values in order to meet the prediction needs of multiple user clusters of workstations, and a stochastic scheduling policy that can make use of the resulting stochastic prediction to achieve more performance efficient application execution times and more predictable application behavior.