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Maximum flow problem
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Maximum flow problem
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Residual graph
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Residual graph
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Augmenting path
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AUGMENT(f,c,P)
b = bottleneck capacity of path P
FOREACH edge e € P
IF(e€E) f(e)=f(e)+b
ELSE fe®) =f(®)-»b
RETURN f



Ford-Fulkerson algorithm

Ford-Fulkerson augmenting path algorithm
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FORD-FULKERSON(G;s,t,c)
FOREACH edge e € E: f(e) =0
Gr = residual graph
while(there exists an augmenting path P in G
f = AUGMENT(f,c,P)
Update G

return f
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Max-flow min-cut Theorem
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Max-flow min-cut Theorem
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Exercise 1
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Ford-Fulkerson Augmenting Path Algorithm

while(there exists an augmenting path){
Find augmenting path P
Compute bottleneck capacity of P

Augment flow along P

}
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Ford-Fulkerson Algorithm: Analysis
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Choosing Good Augmenting Path
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Choosing Good Augmenting Path
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Fattest augmenting path
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NI1INR min-cut
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