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A Task Graph Generation Tool for Benchmarking
with a focus on Stream Mining Applications

SAYAKA AKIOKA'

Big data analysis, which is supposed to analyze gigantic data across possible combinations of parameters from a broad set of
perspectives, is expected to derive new findings, and extend peoples’ knowledge. A large-scale stream mining application is one
kind of big data applications, and very characteristic for its data access patterns, multitude of conditional branches, level of
parallelism, and indeterminate calculation cost. These distinctions of a large-scale stream mining applications differentiate the
strategy of speed-ups, and scale-outs from the conventional strategies built for data intensive applications in high performance
computing community. This situation leads a requirement for a benchmarking set with an explicit focus on stream mining
applications. Toward an establishment of such a benchmark set, every implementation, or algorithm of stream mining should be
analyzed, and characterized in the most efficient way. This paper, therefore, introduce a task graph generation tool, which accepts
source codes of stream mining applications, generates control flow graphs with proper granularity of nodes, and estimates
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computational cost of each node. We also discuss usability, and possible extensions of the tool with an example.
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Figure 1 A model of stream mining algorithms.
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Figure 2 Data dependencies and control dependencies of the two processes of the stream processing parts.
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Figure 3 A control flow graph for Top-K algorithm
(Min-Summary) by LLVM compiler.

— & F A EE % write-once-read-many H DT — & 7
IR ANG = Thol(l]. LEB>TT 7 ) r—vay

2013 Information Processing Society of Japan

Vol.2013-ARC-207 No.33
Vol.2013-HPC-142 No.33
2013/12/17

for all input data items do

(1) fetch one input data v

for all distinct items appeared do
(2) create or update a border point for v
(3) update summary
(4) update frequency
(5) delete obsolete border points

end for

(6) update pruning threshold

end for

4  Minsummary 7 /L3 U X ADELE a2 — K
Figure 4 A pseudo-code of min summary algorithm.
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Figure 5 A control flow graph of Top-K algorithm
by the tool (case of 4 stages).
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Figure 6 A control flow graph of Top-K algorithm
by hand.
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