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Moser 2009
Resampling algorithm for K sat

1 Sample X M X E T F independentlyuniformly atrandom

2 while there is an unsatisfied clause C

A re sample each X in C independently uniformlyatrandom

3 return Xi m Tn




























































Resamplingalgorithm for k SAT Moser 2009

1 Sample X M X E T F independentlyuniformlyatrandom

2 while there is an unsatisfied clause C

A resample each X in C independentlyuniformlyatrandom

3 return Xi m Xn

Theorem Let FG m Xn be a k SAT formula where

each clause intersects at most d other clauses

If de 2
1 then

f is satisfiable

re sampling algo finds satisfying assignment while

resampling each clause at times in expectation




























































Resamplingalgorithm for k SAT Moser 2009

1 Sample X M X E T F independentlyuniformlyatrandom

2 while there is an unsatisfied clause C

A resample each X in C independentlyuniformlyatrandom

3 return Xi m Xn

Theorem Let FG m Xn be a k SAT formula where

each clause intersects at most d other clauses

If de 1 then
I locally verifiable

f is satisfiable 1970 s

re sampling algo finds satisfying assignment while

resampling each clause at times in expectation
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Lovdsz Local Lemma k SAT is special case

A M An events leg Ai ith clauseunsatisfied

A Aj A and Aj not mutually independent
leg Ai Aj if ith andjth clause intersect

Q Is it possible for none of Ann An to occur

Is PTI z
m

n 0

If A An are independent then YES

W no assumptions on dependence then NO




























































Lovdsz Local Lemma k SAT is special case

A M An events leg Ai ith clauseunsatisfied

A Aj A and Aj not mutually independent
leg Ai Aj if ith andjthclause intersect
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Lovdsz Local Lemma k SAT is special case

A M An events leg Ai ith clauseunsatisfied

A Aj A and Aj not mutually independent
leg Ai Aj if ith andjth clause intersect

Erdos and Lora's 1975

Theorem Suppose I XCA n X An ECO 1 sit

PIA I XCA TI I XIA VA
Aj A
Aj A

Then PEAT M An O




























































Theorem Suppose I x A m XCAn ECO 1 sit

PIA I XCA TI I XIA VA
Aj A
Aj A

Then PEAT M In 0

Corollary Suppose each A is independent from

all but d other events Aj and PTA Ep t Ai

If epcot1 El then PIT m In 0

Proof set XCA I t A




























































Theorem Suppose I x A m XAnECO1 sit
PIA I xCAiJ

1 Aj t Ai

Then PEAT M An 0

Corollary Suppose each A is independent from
all but d otherevents Aj and PTA Ep t Ai

Resamplingalgorithm for kSAT Moser20097 If epcot1 El then PIE m In 0

1 Sample X M X E T F independentlyuniformlyatrandom

2 while there is an unsatisfied clause C

A resample each X in C independentlyuniformlyatrandom

3 return Xi m Xn

Theorem Let FG m Xn be a k SAT formula where

each clause intersects at most d other clauses

If de 2 1 then

f is satisfiable

resampling algo
findssatisfyingassignmentwhite

resampling each clause at times in expectation




























































Lovasz Local Lemma variable setting Ck sat is special case

A M An events leg Ai ith clauseunsatisfied

A Aj A and Aj not mutually independent
leg Ai Aj if ith andjth clause intersect

Variables K X Xz m
e.g x mane TF

Each X independent w its own distribution
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MoserTardos 2010

Resampling algorithm for general LLL

1 Sample all variables V
independently fromtheir
respectivedistributions

2 while there is an event A

A resample all of 5
independently fromtheir
respectivedistributions




























































Resampling algorithm forgeneralLLL MoserTardos2010

1 Sample all variables V 4 5 1 7
2 while there is an event A

a resample all of 5 9 11 1 7

Theorem Suppose I x A n X An ECO 1 sit
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TheoremSuppose I XCA m XAnEco1
PEA IxCAiJ 1 xAj t Ai

Then PIA MAn 0 and the
resamplingalgofindsa configurationof V

inducingAT Anwhileresampling eac
A atmostYeggtimesinexpectation

Round 1 Create root w label Ai
Roundhtt AnodesN created in prev rou

w labelAj andeachAk Aj createchit
of N w label Ak w prob XAK























































































































TheoremSuppose I XCA m XAnEco1
PEA IxCAiJ 1 xAj t Ai

Then PIA MAn 0 and the
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Resamplingalgorithmisorgeneralusmosertard
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which completes the proof

































































































































































































































































































































































































































































































































































































































































































































































































