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The optimisation problem
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Existing Spark optimisers
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omponents

Enumerator

Notation Description

Example

N Containers per Node
My, Heap size

Task concurrency

4404MB

CPUqaug  Average CPU usage
Diskqug  Average disk usage

35%
2%

M; Code Overhead 90%ile value
M, Cache Storage 90%ile value
Mg Task Shuffle 90%ile value

My Task Unmanaged 90%ile value

115MB
2300MB
OMB

# containers

(1,1

(2D
(3.D

(1,2)

(1,3)

770MB

H

P Task Concurrency

Cache Hit Ratio (the fraction of cached
data partitions actually read from cache)
Data Spillage Fraction (the fraction of
shuffle data spilled to disk)

0.3

Initialiser

Me
)
H * My,

(1—6)*m;,)

Me = My * m_in(
o Ms
1-5/p°

NR :ceu(

mg = min(

T M+ me
mh*Mf*mc)

NR 1 SR-2
NR+1U e "™ NR+1" SR
cpu _ 1(1=8)%100 4  1(1-6)%100

T n CPUuug/P " n Diskaug/P
{1—5}*?11;,
=TT

my = mp *

nmem p= mjn(PCPU,pdfsk,pmem)

Arbitrator

Algorithm 1 RelM Arbitrator

Input: Configuration ¢ = (M;, My, p, m¢, my), Safety
tactor &

- if (M; + My,) > (1= 6) = my, then

Return flagging insufficient memory

: end if

: while (M; + p * My + m.) > m, do

one of the following three in a round-robin manner:

I Decrease pby 1if p > 1

II. Reduce m, by M, ensuring that m. > 0.
Change GC pools using Equation 3.

IIL Increase m, by M, ensuring m, < (1 —8) * my,

10: end while

11: Set shuffle memory mg = min(mg, 0.5 * m,/p)

9700 o BN PR W B D e

12: Set output C = (M;, M,,, p, m, my)

Ue =

Mj+mE+P*{M:;+m5}

Fip




Bayesian Optimisation and
Reinforcement Learning



What's the idea here?

« _ Mi+min(mg, me) + p* * (My + min(mg, ms) Quasi-parameters
a1 = mX )
: >
x _ Mi+me x _ P* *min(mg, mg) X {q}( X }:}
= nin(ms m) B 0.5 * m¥% q — 1~ qE » q3

2, {21, 22, 23, 24, %5, 41, 42+ 43 }

Use RelM to predict quasi-parameters for each real configuration




Bayesian Optimisation
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Comparison to BOAT
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Reinforcement Learning (DDPG)
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Results



Performance improvement
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Figure 15: Runtime of every recommended configura-
tion is scaled to the runtime of MaxResourceAllocation.

Number of failed containers is shown on top of bars.



Convergence time
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Figure 14: Training overheads of tuning policies. Num-

ber of iterations is shown on top of bars.
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Looks good... any issues?

Overfitting



Comparisons



Comparing all optimisers

The general structure

Input Modelling Searching Output




Contrasting search methods
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Contrasting model methods

Pure search-based

Expert model

e BOAT e CherryPick
e TASO * Bao
* QTune e Jaderberg et al

e Kunjir & Babu

Grey
Box

Auto-encoding

* REGAL (GNN)
e Mirhoseni et al (FFN)



