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bandwidth guarantee: a promise from the provider
to the customer that its VMMIs will be able to
communicate with each other at a particular rate

(informal definition)
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WHY GUARANTEES?

applications can send
terabytes or petabytes of data

application traffic is internally [1]

affected by other users

----------------------------------------------

...................................................

what customers care about network performance?

enterprise customers need to satisfy SLAs
with their own customers

[1] Zaharia, et al. “Improving MapReduce Performance in Heterogeneous Environments”. OSDI 2008 3 | lacurts@mit
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over-provisioned network
> increased cost to customer,
wasted bandwidth within network

what if some pairs of VMs use
fewer than 10Gb/s?

under-provisioned network
> poor performance for
customer’s application

what if some pairs of VMs need
more than 10Gb/s?

problem: how do customers know what guarantee they need?
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CICADA’S ARCHITECTURE

problem: is application traffic actually predictable? if so, is it
captured by existing models?
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cicada predicts bandwidth
for each tenant
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<+— observed sflow data
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(in this talk) @ @ ﬂ each entry represents the

collected one traffic number of bytes
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goal: use this dataset to quantify spatial and
temporal variability
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VOC-style predictions (median
error decreases by 90%) and
require no customer input

(71% for L2 error)

cicada occasionally under-
predicts; VOC does not because
we selected its parameters to
avoid under-prediction

cicada’s predictions typically
require only 1-2 hours of
application history
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PREDICTIONS — GUARANTEES

cicada turns its predictions into pipe-model guarantees;
a separate guarantee for each (source, destination) pair

hetwork resources must be available

:

the provider may choose to augment
predictions that cicada is not confident about

typically not confident for “small” applications

customers can add a buffer to
the offered guarantees

accept cicada’s
guarantee, but add
| | 5% more bandwidth

cicada can detect when a guarantee
is too low, and offer a new one

=\
"

observe packet drops
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is usually cheap
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NETWORK UTILIZATION

cicada’s greedy placement heuristic: place the pairs of VMs that need
the highest guarantees on the fastest paths (see paper for details)
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accurate improve relative error by 90%
calculated quickly” < 10milliseconds per application
require little history 1-2 hours for most applications
iIncrease network utilization In some cases, inter-rack

utilization is doubled
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