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Rapid Increment in the number
of workloads uploaded and
executed on the Cloud

Predict workload performance slowdown or tail-latency
due to interference in a static one-off way (1, 2].

\ BUT

These workloads are co-located
on the same physical server they fail to model the impact of each resource on the

machines causing interference performance degradation
to each other

recent advancements in the system-level management of

hardware allow fine-grained resource tuning
Power Capping [3], Cache Allocation [4], Resources usage (cgroups)

How to efficiently place and control workloads on a DC environment?
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Q3: How many layers and features to
use in the LSTM network?
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High Level of accuracy for all the three
target prediction variables
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