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Introduction

» Infrastructure as a service (laaS):

o laaS contributes to 25% market share
In all cloud services

o laaS is forecasted to experience the

highest end-user spending growth In
2023 at 30.9%

» Performance problem of laaS:

Interference

e
" = 9
<+

Physical server

SRS

Performance
baseline

8x performance
degradation

200

150 |

100

50 -

0.2 04 0.6 0.8 1 1.2 14 1.6 1.8
Execution time (ms) x10*

Performance of Redis benchmark

o Collocated VMs can suffer from

severe performance degradation!

Motivation and challenges

» Motivation:

o Performance prediction of VMs
» Challenges:

o VM is a black-box

o Resource contention induced
performance variation

o Workload induced performance
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P Offline: Create the reference dataset

» Online: Dynamic time warping (DTW) -

based identification
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Original traces

» Low prediction accuracy on original traces

» Misprediction due to large distance
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» Warped traces are minimized in the distance

P For better identification accuracy

Performance degradation prediction

» Problem: Both workload and interference influence the performance level of the application!

P Solution: Alongside the performance prediction, two additional NNs are used for workload
prediction and performance baseline prediction
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» Highly correlated metrics are selected for the prediction

» Proposed method achieves a mean error below 5% for all applications!
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Il. Performance degradation prediction
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» NN-based performance degradation prediction method achieves a mean error below 7% for all

applications

» Moreover, the proposed method can work with different server and VM configurations
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(a) Server 2: VM1

(c) Server 2: VM2 (e) Server 2: VM3
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» Black box VM assumption

P Accurate performance prediction (7% mean error)

» DTW-based app. identification P> Support different server and VM configurations
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