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ABSTRACT

The need to efficiently process and analyze large amounts of streaming data has led to the emergence of
various stream processing platforms. However, the challenge remains to optimize several aspects of
performance, such as processing speed and usage efficiency. In this study, we introduce a novel approach to
address this problem using the Whale Optimization Algorithm (WOA), a metaheuristic algorithm that simulates
the hunting behavior of whales.

Applied to a stream processing platform, WOA achieves performance improvements compared to existing
algorithms and shows parallelism and overall performance gains by tuning the executor settings of distributed
computing systems such as Apache Spark where parallelism is important. We also leverage grid search, a
hyperparameter optimization technique, to fine-tune the hyperparameters of WOA to achieve additional

performance gains.
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3.2 Whale Optimization Algorithm(WOA)
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Table 1. The logarithmic spiral equation of a bubble-net
attack

A new position vector, representing the

X position of the whale in the next iteration

A direction vector or distance vector,
D representing the distance between an
arbitrary solution and the current solution

Spiral constant, controlling the shape and
density of the spiral

A random value between -1 and 1,
l used to control the angle and direction of
the spiral movement

A random solution vector, representing a

X . .
random location in the search space

ebl Control the shape and length of spirals

cos(2 ml) |Control the shape and direction of spirals

A new position vector, representing the

X position of the whale in the next iteration

Algorithm 1 Modified Whale Optimization Algorithm for Spark
Input: StreamData, maxIterations, searchSpace
Output: Best config for the number of executors, cores

: procedure WOA
: bestWhale + oo

1

2.

3. searchSpace = [(minExecutors, mazExecutors), (minCores, mazCores))
& Define fitness(config, StreamData)

5 Define update Position(whale, b MIW hal a,r, searchSpace)

6 1, searchSpace)

7
8

Define spiralUpdate(whal
Initialize population ~ U
for each iteration i in 1...maxIterations do

9: dataSize « getStreamDataSize(StreamData)

10: Adjust minEzecutors and maz Ezecutors based on dataSize

11: Adjust minCor 1d maxCores based on dataSize

12: a=20—1ix 0

13: for each whale in the population do

14: Generate r,p,l ~ U[0,1] and b= 1

15: if p < 0.5 then

16: 2’ = updatePosition(whale, bestW hale, a, r, searchSpace)
17: else

18: a' = spiralUpdate(whale, bestW hale, b, 1, searchSpace)
19: end if

20: [ = fitness(whale.position, StreamData)

21: end for

22: current BestW hale = min(population)

23: bestWhale = min(bestW hale, current BestW hale)

24: end for

25: return the integer values of bestW hale. position
26: end procedure

a8 2. e HA-s daeE2]
Fig. 2. Whale Optimization Algorithm
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Table 4. Comparison of the throughput between
algorithms

Algorithms Average memory usage (MB)
FIFO 231254.3

FAIR 193244.5

ACO 278453.3 (20.41%, 44.09%)
WOA 281127.2 (21.56%, 45.47%)
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