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Introduction Methodology,

Big data frameworks, such as Hadoop MapReduce and Spark, We summarize the computation features and memory usage
rely on garbage-collected languages. Big data applications usually patterns of four representative Spark applications:
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The memory usage of a Spark application consists of three parts: L e e e e e ey GroupBy - 200GB Uservisits 270 D5
- : | L2 {2k \vf L7 610/ \ede 10\ g Join 200GB Uservisits, 50% rows
1. Execution space: for storing shuffled data 5 *@gz 40GB Rankings
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3. User space: for storing operator-generated data - -GG PageRank 25GB Twitter graph  50% edges
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e e Shute read y// | o with different sizes that can lead to different memory pressures.
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long-lived objects
2. The concurrent collectors, such as CMS and G1, can reduce
the GC pause time while reclaiming the long-lived shuffled
Parallel, CMS Contiguous generations with an explicit boundary data. However, they hinder CPU-intensive data operators
G1 Dividing heap space into equal-sized regions due to serious CPU contention.

3. All three collectors are inefficient for managing humongous
data objects, which lead to frequent GC cycles and even OOM
errors in non-contiguous collectors like G1.

2. GC Algorithm Differences:

(a) Join-1.0-Slowest-Parallel-Task (b) Join-1.0-Slowest-CMS-Task . (c) Join-1.0-Slowest-G1-Task
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