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Today simpleexamples to illustra

searching for a witness

principle of deferred decision

fingerprinting
probabilistic method

derandomization
methodofconditionalexp
pairwiseindependence
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searchingfor witnesses

using randomizationto checkwhether Pfr True fr
Pickrandomr Fromsuitableset

If Pfr false No
else Yes

works well if densityofwitnessesthat Plr false highenough

2 types of randomized dogs

MonteCarloalgs halt infinitetimebutmayoutput wronganswer

Onesided error Tconfidencewith repetition

effFRPElassgdecisionproblemmsongedyagbfebaegpolytitefy
randm m

Two sidederror if true answeryes Proutputyes ITE
no Prcontputno 3ztE

ydecision

A confidencewith repetition majorityvote 1
Clarin If algcorrect up te we run it times output

Moanthshthorrett

majority answers probability answer correct 3 I Eaten It E

Pref Primajoritywrong E it Itet'se5
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Mostosynlapprox I x ee

t
classofproblemsthathavepolytimeasidedt

Montecarloalgg

Las Vegas algorithms

always outputcorrectanswer runtime is riv

Ex randomized Quicksart

Bigopen question
Does randomness help in computation

Can every polytime randomizedalgbe derandomized with
at most polynomial loss in efficiency

Mostosynlapprox I x ee

e convexeverywhere e

tangent at x O lies below
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Minimize
bits theycommunicate
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uniformlyat
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MAXChT
Problem GivenGU

find 5 that
maximizes

cuts 5
edges

F Xe Prc ecrossesout th
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Idea walk down tree makinggood choiceat
each step

Suppose

Observation EKCS.SI R nRara Ri ri 7 Z

LECCSF112inRara RiniRit 0 If true Mz
12 E C SF112inRara RiniRin 1

So if I can just figure out at eachstepwhichis
better Rite 0 or Rite4

Then I can find a good root leafpath
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F cutG5 Rin Ri ri cut si si 1 edgeswithatleastoneendptinUi

redgreen yellow edges

edges

I

F cutts5 RenBera Ritirin cut Siti SI It's edges
witnnoffendpt

indeepgrit

sufficesto set rit to maximize cut Sita sit

To maximize pickbiggerone Thegreedyalgorithm

Corotary Thegreedy alg is guaranteedto findacutg size EI

Egan wedge
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Another approach PRGs

1g

Baek to MAXCUT

Recall F touts l fzPrCRi Rj R Rn arerandom
random bitsusedbyalgorithmpartition

usedthis L

Don't need full independenceof Ri's

Pairwise independence suffices

PrcRi Rj L

Observation Suppose B Ba B a are k indep unbiased randombits

then f S c K s the 2kt random

variables Rs 013 are pairwiseindep unbiased

randombits
XOR
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PIG Unbiased

Pairwise indepa Consider SFT ELK nonempty
g

either S T disjoint V
S CT
1

PrlRt 1 Irs L

Given floglanti indep randombits n pairwiseindef random bits

Another deterministic MAXCUT Alg
sequencesof bits biba ble where k fkgalntD7

run randomized MAXCUT Alg using cointosses rs bi
s y

choose largest cut obtained

C s Effutt LL
F b bk sit cut has size 3 tea

Running
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A family of fns f h n m

is pairwindup Efuhenhischosenv.amf thefollowingconditionshold

1 Vx cIn h x is uniformon m

2 tf xAxa c n h x and has are independent

Super important hashing well beyond

Often model hashfns as truly random
infeasible to implement
domain often exponentially large
can't even write it down

want explicit family
efficiently computable


