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Several fields of science have demanded large-scale workflow support, which requires thousands of CPU cores or more. In
order to support such large-scale scientific workflows, high capacity parallel systems such as supercomputers are widely used.
In order to increase the utilization of these systems, most schedulers use backfilling policy: Small jobs are moved ahead to
fill in holes in the schedule when large jobs do not delay. Since an estimate of the runtime is necessary for backfilling, most
parallel systems use user’s estimated runtime. However, it is found to be extremely inaccurate because users overestimate their
jobs. Therefore, in this paper, we propose a novel system for the runtime prediction based on workload-aware clustering with
the goal of improving prediction performance. The proposed method for runtime prediction of parallel applications consists of
three main phases. First, a feature selection based on factor analysis is performed to identify important input features. Then,
it performs a clustering analysis of history data based on self-organizing map which is followed by hierarchical clustering for
finding the clustering boundaries from the weight vectors. Finally, prediction models are constructed using support vector regression
with the clustered workload data. Multiple prediction models for each clustered data pattern can reduce the error rate compared
with a single model for the whole data pattern. In the experiments, we use workload logs on parallel systems (i.e., iPSC, LANL-CMS,
SDSC-Par95, SDSC-Par96, and CTC-SP2) to evaluate the effectiveness of our approach. Comparing with other techniques, ex-
perimental results show that the proposed method improves the accuracy up to 69.08%.
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based on SOM and hierarchical clustering for runtime prediction

<Figure 1> Overview of the Proposed Framework
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<Figure 2> Proposed Runtime Prediction Procedure
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3.3 Phase 3 : SVR Modeling by Clusters
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<Table 2> Parallel Workload Logs.
Workload log System Duration Version
(in month)
. 128-node iPSC/
NASA-iPSC 860 hypercube 3 3.1 cleaned
1024-node
LANL-CM35 M5 24 3.1 cleaned
SDSC-Pargs | 416-node Intel 12 3.1 cleaned
Paragon
SDSC-Pargg | H16-node Intel 1 3.1 cleaned
Paragon
CTC-SP2 512-node IBM SP2 11 3.1 cleaned
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<Table 3> Data Sets

Workload log Records tr al?rﬁ::g 8fat a Rat'% act); test
NASA-iPSC 17,195 70.9% 29.1%
LANL-CMS5 76,697 93.5% 6.5%
SDSC-Par95 53,064 90.6% 9.4%
SDSC-Par96 31,321 84.0% 16.0%

CTC-SP2 60,548 91.7% 8.3%

<Table 4> Important Features

Workload Log Important Features
NASA-PSC Number of Allocated Processors, Executable
Number
Number of Allocated Processors, Requested
LANL-CM5 | Number of Processors,
Requested Time, Requested Memory
SDSC-Par9s Nurr}ber of Allocated Processors, Queue Number,
Partition Number,
SDSC-Par96 Nun.ll?er of Allocated Processors, Queue Number,
Partition Number
CTC-SP2 Number of Allocated Processors, Requested Time,
Executable Number, Queue Number
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<Figure 3> SOM Clustering of Workload Logs
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