Real-time S&aming Vi:
Optimal Scheduled
Downloads

OR:How To Confuse Eerybody By Submitting Somethin
That Has Nothingo Do With Either Grgphics or Machine
Learning to a Gnaghics and Machine LearnMfprkshop



Goals

¥ Stream high-quality video iral-time

¥ Find theOleast costO usage of node uplos
cgpacities on a p2p netork

¥Guarantee qguality of serce throughout the
lifetime of the steam



TheTranspotation Pioblem

¥ We hae N depots M stores,and a cost
function br delivering gods from each
depot to each stoe

¥Depots hae cgacitiesand cannot be
assigned to delery more items than a
currently in stock

¥Find the chepest cost wa to deliver all
desiied goods from available depots



Our Transpottation Pioblem

¥ Patition stream up into smaller ble€ach
ble is an item which needs to be dehed

¥ Nodes which akeady hee bles in the seam
function as depots

¥ Nodes desiring to vi that ble of the
stream pl§ the role of stores (i.e,they place
a demand In bits/seoifthat Ple)

¥ Capacities stated in terms of upload/
download bandwidth



min Y~ Y > Rate; fCost; ¢ jx; ¢ 4

iENJENfEF Each term in this sum is the price of
delivering x% of ble f to node idm node |

such that:

VieN,VfeF Z HasFile; rRate; rx; 5 ; = Rate; s 1. All rates at all nodes arsatisbed
JEN
ic N asFile.: ates rrs ¢ s < vinloadCapacity: 2. No node downloads moe
Vi€ Z Z HasFile; rRate; rx; r; < DownloadCapacity; than 1t can handle
jeENfEF
AT . . 3. No node uploads mae
N askile; ate; ro: r,; < bloadCapacity; )
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Xi, 1. j = percentof nodei@demandor Ple f suppliedby node]

Rate ; = ratein bits/seahatnodei needgo receve ble f

Cost 1 ; = costin (bits/sec) ! of transferringble f from nodej to nodei




Cost Function

¥ Capture something about th®priceO of
transerring data between ary pair of nodes

¥ NodesOcloseO to each other should be tt

ones talking

¥ Distance debned in

¥ Node reliability s

10U

atency space

d also come into gla



Determining Solutions

¥ Which solution method to use is unclear

¥ Is it better to Pnd the exact minimizer or
get aOpetty goodO pproximation?

¥ Desirable poperties:
| Parallelizable/Distributed/Decentralized

I Warm/hot statable



Paticle Swarm
Optimization

¥StochasticpopuIation-based optimization
technique

¥ Trial solutions epresented as péicles
which By though the poblem domain with
changingelocities

¥At each steppatrticles mose towards the
best knavn solutions so faultimatey all
cornverging upon a minimizer



Basic PS@lgorithm

while not cornverged
forl! 1! n
X1 X+ Vv
Vil Lvit carg" O8# X)) + Cora" (@# x;)
i f(x) < f(4),%! X

T 1(x) < 1(9, 0! X

x; = particlei@ currentposition

%) = particlei® minimizersofar

@= bestknown minimizerfoundsofar




PSOAdvantages

¥ Basic framwork easiy extendable to
Include arbitray constraints

¥Eas'y distributable among allailable node:

¥Nodes alvays implement best knen global
solution so far

¥ Solution ector mostly reusable when
changes to mblem and objecte function
made



Issues

¥ What®the best mechanisrorf sharing
iInformation among the nodeSPI,DHT,
messageeauting,etc.?

¥ Naive formulation of the poblem irvolves
LOTS (O(n"2)) of variablesThis means
painwhen it comes to updating objecav
function,constraintsand when distributing
the best minimizer

~ ¥How to best reduce the nmber of

variables? (What netwvk topology to use?



Future Directions

¥ Paclket level sinulator / implementation

¥ Utilize residual bandwidth and selthe
Faclility Location Fblem (whee to push
content Por the least cost davnloads in the
future)

¥ Experiment with cost functionsaggessie
schedulinggtc.



