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Abstract: In the Spark big data computing framework, the driver employs an iterative message distributor
mechanism that incurs considerable task submission overhead, delays task initiation, restricts execution concurrency,
and causes idle waiting among executors—ultimately leading to inefficient utilization of computing resources. To
address these issues, we propose an efficient and lightweight concurrent Spark message distributor based on a thread
pool scheduling strategy. In contrast to Spark’s original distributor, the proposed design is better suitable for
scheduling fine-grained, high overhead tasks. It parses metadata containing key executor information to extract the
task list and corresponding executor identifiers to each task, then initializes a thread pool to launch asynchronous
computations for each task, thereby enabling true concurrent task distribution. This approach significantly reduces
dispatch latency while ensuring system stability and reliable task execution. Experimental evaluations conducted in

a virtualized cluster environment demonstrate the superiority of the proposed distributor over the original Spark
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mechanism. Results show that, with memory usage held constant, the concurrent distributor reduces task execution

time by about 9% and increases central processing unit utilization by about 5%. The proposed concurrent Spark

message distributor, effectively mitigates the high overhead and computational resource inefficiency associated with

traditional message distribution methods in fine-grained task scenarios.
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grained tasks; thread pool scheduling
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Fig. 1 Concurrent message dispatcher model.
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Fig. 2 Comparison of running processes of (a) iterative message

distributor and (b) concurrent message distributor.
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Table 1 The information of datasets

Y
MG Mbit
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KM-1M 10 100 708
KM-1200K 12 100 851
KM-1400K 14 100 992
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PR-2M 20 11 361 025 172
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PR-3M 30 18 106 752 280
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Table 3  Scaleup testing results
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PR oy miam gmmar
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PR-2M 4 254 236 1.076
PR-2500K 5 390 371 1. 051
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Table 4  Sizeup testing results

g OATE BRI
BRA BA%E HESE
KM-500K 3 312 304 1. 026
KM-1M 3 466 421 1. 107
KM-1200K 3 661 556 1. 189
PR-1500K 3 301 291 1. 034
PR-2M 3 342 314 1. 089
PR-2500K 3 437 396 1. 104
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Table 5 Task scheduling and execution time of k-means
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Fig. 3 Resource utilization of k-means algorithm on (a) KM-1M
dataset and (b) KM-1200 dataset.
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Fig. 4 Resource utilization of PageRank on (a) PR-2500K
dataset and (b) PR-3M dataset.
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