













































































Randomized Rounding
















































































Lecture 1

Probability Algorithms

Events probabilities
Bigidea 1 1 11,1 avert let y 1 isithclausesatisfied

Union found

A OK 3
gerw

conditional probabilities I is
m

2 Y clausessatisfied

E Z ETZIX T E 217 5ETY 78 1 clausecase

El Fed El f EE Y1 78m eitherEZlxT or EZ1x F is E Z

p p pp
Random variables Quicksort
expected value iiiIii.it tRandomdivide

x fi
etiEEIiiiiiilinearity of expectation iii it if.fiiiiiiiiii

recursively IIE.FIIEEiiiIi.EEIiiiiinnEE
pivotsorted a

pitisfied nowanalyzeEX inisolation

I.EEEEEieiiMarkov's inequality
Quickselect HW
















































































Lecture 2

Probability Algorithms
Hash functions

Frequency Estimation
Universal HashFunctions

h nJ k sit forallpairs i jeans Heavy Hitters instreams
Prhci h j muchweakerthanidealhash

e.g hex ax 6 modp modk
where pprime K A hi

a in 1 m p unitrandom Az hz6 in 0 m p13unit random
As hs
Anh4Markov's Inequality estimate fi w
Adhd

j d Aj h iMarkov's Inequality specialcases

Let X 0 be nonnegative RV

PrTX 2EIX
















































































Lecture 3 last Tuesday

Probability Algorithms

k wise independence Hash tables w

chaininghigher order moments
linear probing

generalizating universal hash
functions and Markov's inequality

insert

a nytimes.ee ma th
wise independenthashfunctions

eaten immanema it itiIIIIIIii.I EEE.EEiiIiiiiiii.si
foranyk Ees Eh letxmxneso.isbe4 wiseindependent is ÉÉÉiÉi atPThlx v hxz va mhlxk vit andMETXtmtX thenfor β70
hex aotaxtasxt tak.it modp ImmPrTXitm Xn u β 4194mhero PEEp indepuniformlyrandom gtnhk n
















































































Lecture 4 last Thursday

Probability Algorithms

Random ContractionsGalton Watson processes
for min cut

N
a

Σ 1 441 11 15 86
3 3 3

18724mn81 413

4
93 9

let T completebinarytreeofheight k
w everyedgedeleted w prob Mm 94

Fact PTsomeleafconnectedto root
Randomized contractions

Amplificationbybranching
GaltonWatsonprocess Insteadofrestartingatthe

Git weightscer a a beginningrestartpartwaythrough
sampleeeEinproportiontoc a a Highlevelalgorithm
contracte randomlycontractuntilprob

returnsetofedges inoriginalgraph 4 ofruiningthemincut iscontractedtoremainingedge
Branch

4 s if maketwocopiesofcurrentgrap
s recurseonbothcopies
















































































Lecture 5

Probability Algorithms results

Multiplicative Random graphs
Chernoff Bound

the giant component

Multiplicative Chernoff bound
ErdosRényi graphs G n plet X m XnE 0,1 be independent n vertices

µ E X mt X eachedgesampled independently
w probability p

EECO1

P X tm Xn Helm e 5m13

P X tmtXn 1 em e 5m12
















































































Lecture 6 today

Probability techniques Algorithms

Approximations via Max Sat

linear programming Set Cover
randomized rounding

Covering
Integer Programs
















































































Randomized Rounding

Story of

approximations

pMemnpUS

randomization

Continuous MMM Discrete
VS

optimization optimization
















































































Integer Programs IPs

min max cjxj linear objective

over EI integral variables

sit A x 6
linear

A2 x 62 constraints
A 3 263

for fixed vectors c b 62,63 and matrices A AzAz

NP Hard
















































































Linear programs
LPs

similar to IPs except no integrality constraints
h

min max cjXj linear objective
linear

over XERAR integral variables

sit A x 6
linear

Az 62
constraints

A 3 263

for fixed vectors c b 62,63 and matrices A1 AzAz
















































































Max Flow
linear program

s flow f E R o sit

a capacity constraints

O f e Ecce eeE
size of flow 6 conservation offlow

Max Σ Σfus over fere
cafee w v sit

SWEE as EE fleeing floating

St O f e Ecce eeE

cons

a e
un f yw v s t

yw EE

linear program because objective constraints

all linear functions off
















































































Linear Programs are in P

weakly polynomial

1947 simplex algorithm
John's

ellipsoid

Dantzig theorem

not polytime but practical

1979 Ellipsoid algorithm polytimeKhachiyan
1984 Interior point algorithm

Kharmarkar
















































































what's the difference

Discrete vs Continuous
optimization optimization

Integer vs Linear

Programs Programs

NP Hard polynomial time
















































































LP Based Approximations

model as IP
n approximate

max cjXj integral solution
ZEIN

over EI

sit A x 6
rounding

LP solver optimal
LP solution

max Egg XER
over XERAIR

TY

sit A x 6
My

relax to LP
















































































Today

Probability techniques Algorithms

Approximations via Max Sat

linear programming Set Cover
randomized rounding

Covering
Integer Programs
















































































3 SAT Approximating BSAT Max 3 SAT

ENTEÉrmula

96 Xn XVzVxz 1 x4V 1 Goal satisfy Max tf clauses

mm mm go

d

Interesting even if 6 is unsatisfiablem clauses n variables
2 Approximation algorithm deco 1

Algorithm satisfies 2 OPT clauses
inThe silliest APX algorithm optimum max value

1 for i l n
o g

O o
o

a randomly set x
TRUE w prob.s
FALSE W prob S Oo

prod
O

K

We will I
96 nXD

prove silly algo is 78 APX Cava
AXzVXzVxT

derandomize sillyalgo deterministic78 APX or I
and AND

Even more surprising not n't a
probalisticallycheckableproofs SATProgrammingLanguage inputs inputs inputs input

PCP Theorem

FTE APX is NPHard HE o
m concuss
















































































provesillyalgo is APX
2 disjoint clauses 2 clauses w provesillyalso Ii1for i 1 n

ThesilliestAPXalgorithm

a randomlysetx.ess Ip
1 common variable finilitsetxi.gg Ip

567 1 5 2 56 56 eyes
E eventthat C satisfied E eventthat C satisfie
E C2 PrTE EzJ E C2

PrTE E2 Pr I Elx3 t PrTE Ealx3 F

1 YEPrE PREE

Big idea we onlywant the averagemeans.su
iiiiiiiiiiiiiiicommonvariables

LinearityofExpectation

f x 14 3 Eyes117214dam
E X Y EX ETY ridiculouslyuseful

averagesum sum ofaverages
E eventthatC satisfied

II let y
1 if ith clausesatisfied

0 otherwise i 1 mmE
ETY 7 8 1 clause case

general question

how to analyze a randomized mechanism El 8 Ef Yi EEY 718m

w a combinatorial explosion of possibilities actuallyeasy
















































































Max SAT

conjuctivenormalform

CNF formula

9 x Xn x VxV̅xs 1 x4v 1

m clauses n variables

any of variables per clause

goal satisfy max clauses


















































































Approximation ratios for k SAT vs max SAT

k sat max SAT

42

better
















































































LP Based Approximations

model as IP
approximateh

max Cjxj integral solution
ZEIN

over XEL

sit Axel T rounding
LP solver optimal

LP solution
max X

My

XER
over XETEMIR

sit A 6
My

relax to LP
















































































LP Based Approximations
modelas IP

IP for max SAT in

it round

LPsolver optimal
m LPsolution

Σ
max IEiiiiiin.ua
over ye 0,13 zE 0,13m

sit Σ
j.xg.ec

jtE l Yj Zi for each clause Ci
jixj.ec

2 1

2
1 if ith clause satisfied eg CF X Vx2̅Vxz
if not

Y 1 ya Yz 2

Yj
1 if Xj TRUE
0 if X FALSE
















































































LP Based Approximations
modelas IP

IE oLP for max SAT I
groundsit Axs6

I LPsolver optimal

Mff
ER

Max Zi gg

solution

relaxtoLP

over ye 10,1 ZE 0,1M

sit I for each clause Ci
jixj.ec

jt 1 Yj 2z
j

xjECizi

1 is ith clause satisfied e.g CE X VI Vx
O if not

constraint

Yj
1 if Xj True

0 if Xj FALSE Y 1 42 4322
















































































IP for max SAT LP for max SAT

Max Zi Max Zi

over ye 0,13 ZE 0,13m over ye 10,1 ZETO.IM

st.fgeyjtj.EE Yj 22i s.t.gg jtj.gd Yj 22i

NP Hard Solvable

OPTIPIOPTLP
















































































LP Based Approximations
modelas IP

Rounding LP solution in

iii round

LPsolver optimal

ye 0,1
MY XE TRUE FALSE upsolution

Mf
XER

itiiiiiAh
ideas

max 2

True if y 2 5
X

over ye 0,1 ZETO.IM

False otherwise y
c 5

s.togec tj j Yj
Z

foreachclause

X V XzVX3 2 it clause
satisfied

Yj 1 if Xj TRUE

e g yet tyz i lerpFet3 y L
is FALSE

3


















































































LP Based Approximations
modelas IP

Rounding LP solution in
in round

ye 0,1
MY XE TRUE FALSE LPsolver optimal

LPsolution
E x

Iiii iii apt
max Zi

over ye 0,1 ZE 0,17
C X Vxz̅V 3

s.toxgec tj fdYj Z

Y Yz
foreachclause

2
1 if ith clausesatisfied
if not

Yj 1 if Xj TRUE
0 if X FALSE


















































































LP Based Approximations
modelas IP

in

it round

LPsolver IPIation
claim each clause Ci is satisfied

Ay
xer

i iii thw probability 1 Ye 2 x

P TC not satisfied max Zi

TT 1 y TI Y over yeto.IT zETO

1MXjECixj̅ECi sit Exec j.EE 5 2

foreachclause

effects Feel's e x
2 it clause

satisfied

Zi

e ejj ly e yg 1 is g true

xj̅ECj 0 if X FALSE

E satisfied

EPIC EE
OPT

PIC satisfied 22 I
Ci


















































































LP Based Approximations

ii is
sit A x 6 round

LPsolver optimal
LPsolutionclaim each clause Ci is satisfied

Ay
xer

itiii tthw probability 1 Ye z

PTC not satisfied max

over ye 0,1 ZE 0,17

ed.ly Iqyy gy ggpgggy.ggyygyggy

The ex Hx EXjeCi x ̅ EC 4 8 EEEO

e x estx ̅ fYj e
Zi

ketex

y

e 1 2 tzié 1 1 Elzi é étzié


















































































LP Based Approximations
modelas IP

in

it round

LPsolver optimal
LPsolutionclaim each clause Ci is satisfied

Iiiiiiin.amw probability 1 Ye z

PTC not satisfied max

over ye 0,1 ZE 0,17

ed.ly Iqyj gy
s.t.gg t

gyypg
2 8 it clause

satisfied

The
XjeCi x.̅EC 4 8

e x tstx ̅ fYj e
Zi

flx é

y

e 1 z etz é 1 1 Ye z é étzie


















































































LP Based Approximations

in

sit A x 6 round

LPsolver optimalclaim each clause Ci is satisfied insolution
E x

w probability 1 e 2

Wtf
claim
E sat clauses 1 Ye OPT

max

over ye 0,1 ZE 0,17

11 s.togecYjtj f Yj ZZ
foreachclause

ΣP CisaT Σ 1 E 2

C or
2 it clause

satisfied

Ci Yj 1 if Xj TRUE
0 if X FALSE

1 E OPT


















































































LP Based Approximations
modelas IP

in

iii round

LPsolver optimal
LPsolution

sat clauses 1 Ye OPT me

is WithrelaxtoLP

max Zi

over ye 0,1 ZE 0,17

s.toxgec.Yitj j iYj
zBetter

soreanclause

2
1 if ith clausesatisfied
if not

Yj 1 if Xj TRUE
0 if X FALSE

lie 68


















































































LP Based Approximations

ii ie on
sit A x 6 round

LPsolver EPIationclaim each clause Ci is satisfied

of
xeri

w probability 1 Ye z W
what if Ci has 1 variable

Max Zi

P sat C 2 over ye 0,1 ZETO.IM

s.toxgec tj fdYj Z

n 2 variables e g Ci X V72 foreachclause

2 it clause
satisfied

Ci not sat 1 y leys AM GM
y 8 Iise

2kg 1 Ifab aft

1 IF 1 2 t 1 7 21 1132
convex


















































































LP Based Approximations
modelas IP

ignition

round

LPsolver Pppctionclaim each clause Ci is satisfied E x

w probability 1 Ye z up
what if Ci has 1 variable

max Zi

P sat C 2 over ye 0,1 ZETO.IM

s.toxgec tj fdYj Z

2 variables e g Ci x V72 foreachclause

2 it clause
satisfied

C not sat 1 y 1 y y 8 Iise
11 4

2

AM GM

ab 9 5

1 EF 1 2 1 EF 3 1 1 E convex

1 2 25
4 1 2




















































































LP Based Approximations
modelas IP approximate

integraggglation

sit Ax1b Tround
l

ET sat clauses t Ye OPT i gÉjrelaxtoLP

Max Zi

over ye 10,1 ZE 0,1M

sit Ijixjec.it
1 Yj 2 z

JxjEC
foreachclause

2
1 is ith clausesatisfied
0 if not

Yj 1 if Xj True
0 if Xj FALSE

Can we get f Apx
















































































LP Based Approximations

Flip a coin Iiiiiii in

sit A x 6 roundIf heads do oblivious rounding upsolver optimal
LPsolution
XERIf tails do LP rounding fiiii Wh

max Zi

over ye 0,1 ZE 0,17

s.toxgec.YitjfdYj Z

foreachclause

2 it clause
satisfied

Yj 1 if Xj TRUE
0 if X FALSE
















































































Bayapproximations

modelas IP approximate

1 integreggation

sit Ax1b TroundIf heads do oblivious rounding 1 LPsolver optimal
LPsolution

If tails do LP rounding É MffrelaxtoLP

h

Max Zi
claim each clause Ci is satisfied

w probability 42 St
j ec jtj.g IYj 22

z
1 is ith clausesatisfied
0 if not

Yj 1 if Xj True
0 if Xj FALSE
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Probability techniques Algorithms

Approximations via Max Sat

linear programming Set cover
randomized rounding

Covering
Integer Programs
















































































Minimum Set Cover

M points Im 1 m

N sets Si m Sn Im

Goal Select k sets See Seam Sek

minimizing k

S.T Se Use Um User Im

NP Hard
















































9 x XD
Cx Va
A XzVXzVXT
n m

yes no

Minimum
pause here and try Set cover

to think of a
solver

reduction from 3 SAT



f x x vxv̅ 3 1 xavxyvxs 1m n variables
m clauses

ideas



f x X VIzVXz ACxaVxyvxs A
Invariables

m clauses

elements
per X VXzVXz XzVX4Vxs I VX3VEs M

clause

sets
X X X2 Iz Xz

assignments

elements 1 2 3 m

per variable

f satisfiable a set cover of size n



LP Based Approximations
modelas IP

EtonIP for set cover
Troundinsit Axs6

t LPsolution

i gÉf
itmin Éx relaxtoLP

over XE 0,13 Minimum set cover

j ies
I tie my

M points Ime a m

N sets Sum SneImsat
GoalSelect k setsSeamSe

minimizing k
S.T Se Um User Im

I if Sj in set cover
xj

O otherwise



LP Based Approximations
modelas IP

LP IIsfor set cover
Troundinsit Axs6

LPsolution

gÉfiImin Éx relaxtoLP

Minimum Set Coverover XE 0,1
m points me 1 m

N sets Sum SheImSt Ex 21 Tietm
Goal Selectk sets seams

g IES minimizing k
S.T Se Um User Im

I if Sj in set cover
xj

O otherwise



IP for set cover LP for set cover

min II x min II x
over XE 0,13 over XETO.IT

St
j s Xj

31 ST
j s tj

I

tie Tm tie Tm

NP Hard Polytime solvable



LP Based Approximations
modelas IP

Rounding LP solution IIsS
sit Ax16 Troundin

XE TO IT m FE Si m Sn LPsolution

gig
it

relaxtoLP

Ideas
Minimum Set Cover

M points Im 1 m

N sets Si m Sn Im
Goal Selectk sets seams
minimizing k

How to interpret X 5 s.t.se um use Em

min Efx
over XETO.IT

St
j
EesXj I

tieEm

Xj
I if Sj in set core
O otherwise



LP Based Approximations
modelas IP

Rounding LP solution n

it roundin

e 0,1 FE Si m Sm asower station

Mf
XER

itiii tth
Minimum Set Cover

m points m 1 m

n sets 5 or Sn Im
Goal selectk setsSei m S

minimizing K
S.t Se Um User Im

min JEX
over XE 0,17
sit X 21

ieIm

xj
1 if Sj in set core
0 otherwise



LP Based Approximations
modelas IP

Rounding LP solution Effon

it roundin

e 0,1 FE Si m.sn asower station

Mf
XER

itiiii tth
Minimum Set Cover

IFI X OPT good m points m 1 m

n sets 5 or Sn m

Goal selectk sets Se ms

fix a point i minimizing k
sit Se Um User Im

I sets in F covering it Σ
jies 7

1
min Ex
over XE 0,19
sit X 21

ieim

xj
1 if Sj in set core
0 otherwise



LP Based Approximations
modelas IP

Rounding LP solution in

iii roundin

e 0,1 FE Si m.sn a sower stiation

My
XER

itiiii th
Minimum Set Cover

IFI X OPT good m points m 1 m

n sets 5 or Sn m

Goal selectk sets Se ms
fix a point i minimizing K

S.t Se Um User Im
I sets in F covering it Ex

j ies min x

PTF not cover T l x e
Ets over xeto.sn

j Sj7i St
S I

Σ e g
1 if Sj in set core
0 otherwise



LP Based Approximations

Rounding LP solution is i i n
sit A x 6 roundin

e 0,1 FE si.m.sn epsolver station
E

It.it iiinztft
Minimum Set Cover

IFI X OPT good m points m 1 m

PEFcover
n sets Sir Sn m

Goal select ksetsse.ms
fix a point i minimizing k

sit Se Um User Im
I sets in F covering it xj l

min Ex
over XE 0,19

PTF not cover T 1 x
j ies es e

Xj st X 21
ieim

e Espj e
l xj

1 if 5 inset core
0 otherwise



LP Based Approximations
modelas IP

Rounding LP solution in

it roundin

e 0,1 FE S m Sn epsolver station

Mf
XER

itiiii tth
Minimum Set Cover

IFI X OPT good m points m 1 m

F not cover i e
l n sets sin Snetm

Goal selectk setsSei m S

minimizing K
S.t Se Um User Imso F covers each point w

min Exconstant probability
over XE 0,19

F is a set cover w constant prob sit X 21
ieIm

g
1 if Sj in set core

Ideas otherwise



LP Based Approximations
modelas IP

scaling up
in

It roundin

LPsolver optimal

SpitiiiiAh
Minimum Set Cover

m points m 1 m

n sets 5 or Sn m

Goal selectk sets Se ms
minimizing k

for 2 1 TBD s.t.se Um User Im

min JEX
over XE 0,19
sit X 21

ieim

xj
1 if Sj in set core
0 otherwise



LP Based Approximations
modelas IP

Rounding LP solution in

it roundin

LPsolver optimale 0,1 FE Si m.sn resolution
E

Iiii iii appt
for 2 1 TBD

Minimum Set Cover

IFI αOPT m points im 1 m

n sets 5 or Sn m

Goal selectk sets Se ms
minimizing K

S.t Se Um User Im

min JEX
over XE 0,19
sit X 21

ieim

xj
1 if Sj in set core
0 otherwise



LP Based Approximations
modelas IP

Rounding LP solution Fiton

iii roundin

e 0,1 FE Si m.sn epsolver station

Pf
XER

itiiiiitth
for 2 1 TBD

Minimum Set Cover
m points m 1 m

ELIFI LEX LOPT n sets 5 or Sn m

Goal selectk sets Se ms
minimizing k

F not cover i T 1 2x Sit Se Um User Im
Sj

Eαxj e
α min x

e
over XE 0,19
sit

j e5FIEmxj1 if Sj in set core
0 otherwise



LP Based Approximations

Rounding LP solution i
sit A x 6 roundin

e 0,1 FE Si m.sn epsolver station

Pf
XER

itiiiiitth
for 2 1 TBD

Minimum Set Cover
m points m 1 m

IFI α X LOPT n sets sum sn tm
Goal selectk sets Se ms
minimizing k

F not cover i 1 2X 222 ogns.t.se u user Im

setting e
d min

over XE 0,19
F not set cover PFF not cover i sit EE

E Fnotcoveri
tierm

xj
1 if Sj in set core
0 otherwise



LP Based Approximations
modelas IP

Rounding LP solution in

it roundin

E 0,1 FE S m Sn epsolver station

Mf
XER

itiiii tth
for 2 1 TBD

Minimum Set Cover

IFI α X LOPT
m points in 1 m

n sets 5 or Sn Im
Goal selectk setsSei m S

minimizing k
F not cover i 1 2X s.t.se um User Im

e
thx

e
α min x

over XE 0,19
F not set cover P F not cover i sit X

ieIm

m ed too for 2 0 login x
1 if 5 inset core

M O otherwise



LP Based Approximations
modelas IP

Rounding LP solution in

it roundin

e 0,1 FE Si m.sn a sower stiation

My
XER

itiiiiitth
for 2 1 TBD

Minimum Set Cover

IFI α X LOPT
m points in 1 m

n sets 5 or Sn m

Goal selectk sets Se ms
minimizing kF not set cover too

M s.t.se Um User Im

for 2 0 logm min x

over XE 0,19

OClogm APX
t

xj
1 if Sj in set core
0 otherwise
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Covering IPs

min CjXj

over XELE
sit Aijxj b for iE m

where AER
O GERS CERTO

demands costs

WLOG Aij b i j why

Set cover is special case w AijE 0,13 bi l cj l
LP B d A



LP Based Approximations

LP relaxation Iiiiii Iii
sit A x 6 roundi

LPsolver optimal

min Σcjxj
j MM

over XE 1220 RIO covering IPs

n min CjXj

sit ΣAijXj b for iEIm over xez

5 1 sit Aijxj
for iEIm

Aij b i j

LP B d A



LP Based Approximations
modelas IP approximate

integrysylation

Rounding LP solution It roundi

n LPsolver optimal

XERO ZEZ O it
ieiiii Ahth

Ideas
Covering IPsLP relaxation
min CjXjmin CjXj
over XELEover XER

sit Aijxg 6 t.EE
Is jforiEImJAijsb

LP B d A



LP Based Approximations
modelas IP

ie onRounding LP solution Tround

LPsolver optimaln mXERO ZEZ O a
iii WithrelaxtoLP

Covering IPsLP relaxation
min CjXjmin CjXj
over XELEover XER

s.t.EEAijxg 6
sit Aijxj

for itemforIEIM
Aij b i j

LP B d A



LP Based Approximations
modelas IP

on

Rounding LP solution roundi

n LPsolver optimal
LPsolution

XERIO ZE LEO nxer
Ei.ieiii zM

Covering IPsLP relaxation
min CjXjmin CjXj
over XELEover XER

E Zj
st.E.AE b t.EE

foriEImJAijsbiLPB3dA



LP Based Approximations

itiii iRounding LP solution sit A x 6 roundi

n LPsolver optimal

XE Rzo ZE LEO it
ieiiii zhM

Covering IPsLP relaxation
min Cox

min CjXj
over XELEover XER

s.t.E.A.gg 6 st
AImELZjJ2Xj sories

Aij b i j

E CjZ

LP 13 AM



LP Based Approximations
modelas IP

on

Rounding LP solution If roundi

n LPsolver optimal

XE Rzo ZE LEO
Eiiiiiii Mhd
LP relaxation Covering IPs

min Cox
min CjXj
over XELEover XER

sit Aijxg 6 st.EE1ELZjJ 2XjsorieensAijsb i j

E Cj2 α CjXj LOPT

LP 13 AM



LP Based Approximations

itiii i i n
sit A x 6 roundi

LPsolver optimal
LPsolutionit iiiaZnxeR

re MM
3
AijZj 6 LP relaxation covering IPs

min CjXjmin CjXj
over XEL Oover XER

sit j Aijxg b
sit Aijx

for itemforIEIM
Aij b i j

LP B d A



LP Based Approximations

in

sit A x 6 roundi

LPsolver optimal
LPsolution
XER

tiiii that
3
ΣAijZj 6 LP relaxation covering IPs

j min Coxmin CjXj
over XELEover XER

sit iAijx 6 sit AI E
forieim Aij 6 i j

Multiplicative Chernoff bound
let X m XnE 0,1 be independent

µ ETX tmtXn EECO1

P X tm Xn 1 em e Em
LP B d A



LP Based Approximations

in

sit A x 6 roundi

LPsolver optimal
LPsolution
XER

EEiii WithrelaxtoLP

Covering IPsLP relaxation
min CjXjmin CjXj
over XELEover XER

sit Aijx 6 sit AI
forieim Aij 6 i j

Multiplicative Chernoff bound
let X m XnE 0,1 be independent

µ ETX tmtXn EECO1

P X tm Xn l em e Em



Multiplicative Chernoff bound

let X m X E 10,17 be independent

µ ETX tmt Xn

EECO 1

PIX tmt Xn item I e M3

PIX tmt Xn ICI e m I e Ema

proof at end if time permit


