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System of Distinct Representatives
(Transversal)

system of distinct representatives (SDR)

for sets 54,95, ...,9,, C [n]
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Marriage Problem

Does there exist an SDR for

S1,59,...,5m ?

------
- .~

m qirls

S:: boys that girl 7 is
OK to marry to

“Is there a way of marrying
these m girls?”



S51,59,...,5,, have a SDR »

dinstinct x1 € S1, 29 € S9,.... 2, € S

~~

VI C{1,2,...,m},

Uier Sil = Wai |iel}] >|I].
distinct




S51,59,...,5,, have a SDR »
\V/Ig {17277m}7 ‘Uzgjsz‘ > ‘]|



Hall’'s Theorem (marriage theorem)
S51,59,...,5,, have a SDR “

\V/Ig{lazvvm}7 ‘UZGISZ‘ 2|]‘



Hall’s Theorem (graph theory form)
A bipartite graph G(U, V, E) has a matching of U
@ |NOS)|>|S|forallSC U

o © matching: edge independent set
N0 M C E with

O
\Q no e;, e, € M share a vertex

—9 N(@S) = {v\ du € Ss.t.uv € E}
\%



Hall’s Theorem (marriage theorem)
\V/Ig{]-?Z?am}? |U@€]Sz‘ Z|[‘

» S1,99,...,5,, have a SDR

o critical family: S5, S55,....S: k<m
A k
i\‘. _____ ’ 4 U SZ = k
1=1
Induction on m: m = 1, trivial

case.1: thereis no critical family in 8¢, S, ..., S,

case.2: thereis a critical family in 8¢, S, ..., S,



Hall’s Theorem (marriage theorem)
\V/]g{lazaam}v |U@€[Sz‘ Z‘]‘

» S1,99,....,5,, have a SDR

case.1: thereis no critical family in §;, S, ..., S,

VI C{1,2,....,m} that |[I| <m, |U;c;Si| > |I]
take an arbitrary x € §,, as representative of S
remove S, andx  Si'=S\{x} i=1,2,.., m-1

VIC{1,2,....,m—1}, |U,e;Si > 1|
duetol.H. S%,...,S/ _, have a SDR {z1,...,Zpm_1}

Y Mm—1

z1,...,Tm—1 and z forma SDR for §, 5,,...,S



Hall’s Theorem (marriage theorem)
\V/]g{lazaam}v |U@€[Sz‘ Z‘]‘

» S1,99,....,5,, have a SDR

case.2: thereis a critical family in 8¢, 5,, ..., S,
say |S;,_kr1U---US,| =k k<m
duetol.H. S, ;. (..., haveaSDR X = {x,...,x;}
Si’= S)\X 1=1,2,....m-k
VI C{1,2,...,m —k},

Ui k1 Si UUep Si| = k+ [T
Uicr Si| > 1]

=




Hall’s Theorem (marriage theorem)
\V/]g{Lza?m}v |U@€[Sz‘ Z‘]‘

» S1,99,....,5,, have a SDR

case.2: thereis a critical family in 8¢, 5,, ..., S,

say |S,_ki1U---US,| =k k<m
duetol.H. S, ;. (..., haveaSDR X = {x,...,x;}
Si’= Si\X | = 1,2, ...,m-k
VI C{12,....m—k}, |U,e; Si > |1
due to |.H.
St,...,8 haveaSDRY ={y1,...,Um—k}

X and Y form a SDR for 8, S, ..., S,




Hall’s Theorem (marriage theorem)
S51,59,...,5, have a SDR “

VIg{lazvvm}v |UZE]SZ‘ Z|]‘




Min-Max Theorems

e Konig-Egervary theorem: in bipartite graph
min vertex cover = max matching
e Dilworth’s theorem: in poset
min chain-decomposition = max antichain
¢ Menger’s theorem: in graph

min vertex-cut = max vertex-disjoint paths



Konig-Egervary theorem

Theorem (Konig 1931, Egervary 1931)

In a bipartite graph, the size of a maximum matching
equals the size of a minimum vertex cover.

O matching: M C E
no e, e, € M share a vertex

vertex cover: C CV

all e € E adjacentto somev € C



Theorem (Konig 1931, Egervary 1931)

In a bipartite graph, the size of a maximum matching
equals the size of a minimum vertex covetr.

iIndependent 1s

do not share
row/column




Theorem (Konig 1931, Egervary 1931)

In a bipartite graph, the size of a maximum matching
equals the size of a minimum vertex covetr.

vertex cover:

rows/columns
covering all 1s

oO|l=_1O0|=|—
oO|1o|=1=10
— | 2+ 1 O[O |0
— | 2+ 1 O[O |0

> O O O O O
w O O O O



Theorem (Konig 1931, Egervary 1931)

In a bipartite graph, the size of a maximum matching
equals the size of a minimum vertex covetr.

Konig-Egervary Theorem (matrix form)

For any 0-1 matrix, the maximum number of
independent 1's equals the minimum number of
rows and columns required to cover all the 1's.



A: mxn 0-1 matrix
s : min # of rows/columns covering all 1’s
r : max # of independent 1’s

any r independent 1’s
requires r rows/columns to cover



A: mxn 0-1 matrix
s : min # of rows/columns covering all 1’s
r : max # of independent 1’s

r=s ><><

min covering: s = a rows + b columns

/_/L A — Baxb Cax(n—b)-

_D(m—a)xb 0
8

C has a independent 1’s
D has b independent 1’s




A has min covering: s = a rows + b columns

A — _ Baxb Ca,x(n—b)-

Dim—a)xt 0 C has a independent 1’s

Si:{j‘cij:1} 52 ol

" S1. 8. ... S, have a SDR

otherwise 31 <|I|<a, |U,;S]|<I| (Hall)

C can be covered by (a — |I]) rows + |UJ,c; Si| columns



A has min covering: s = a rows + b columns

5 C _
A — axb ax(n—>b)
_D(m—a,)xb 0

Si=1J | Cij =1}

Chas a independent 1’s

52|0|

" S1. 8. ... S, have a SDR

otherwise 31 <|I|<a, |U,;S]|<I| (Hall)

C can be covered by < a rows&columns

A can be covered by < a+b rows&columns

contradiction!



A has min covering: s = a rows + b columns

Baxb Ca,x(n—b)-

Dim—a)xt 0 C has a independent 1’s

Si =17 | Ci; =1}

" S1. 8. ... S, have a SDR

SDR: distinct ji, j2, ..., ja C(i,j;) =1



A: mxn 0-1 matrix
r : max # of independent 1’s
s : min # of rows/columns covering all 1’s

r=s ><><

A has min covering: s = a rows + b columns

/_/L A — _ Baxb Cax(n—b)

_D(m—a)xb 0
8

C has a independent 1’s
D has b independent 1’s




Konig-Egervary Theorem (matrix form)

For any 0-1 matrix, the maximum number of
independent 1's equals the minimum number of
rows and columns required to cover all the 1's.

Theorem (Konig 1931, Egervary 1931)

In a bipartite graph, the size of a maximum matching
equals the size of a minimum vertex covetr.



Poset

F C 2" with ¢ define a

partially ordered set (poset)

reflexivity: ACA
antisymmetry:

ACB and BCA = A=B
transitivity:

ACB and BCC = ACC

chain: A;C A>C --- CA,

{1,2,3}

11,2}

11,3}

2,3}

!
43

2}
t
%

I
&)

antichain: A, Ay, ..., A, that VvV A;, A, A, QZ Aj




| Dilworth’s Theorem

Size of the largest antichain in the poset P =
size of the smallest partition of P into chains.

{123}
il D
{12} 1,3} {2,3}




| Dilworth’s Theorem

Size of the largest antichain in the poset P =
size of the smallest partition of P into chains.

Suppose: P has an antichain of size r.
P can be partitioned to s chains.

| r<g antichain A, chain C 1ANCl<1

We only need to prove:

There exist an antichain ACP of size r
and a partition of P into r chains.



Pl =n U<y

Konig-Egervary Theorem:

3 matching M and vertex cover C, IMI=ICl=k

xEP uncovered by C =8 antichain > n-k

- yO Oy Cisnota
otherwise
xO O X vertex cover



poset P

S v

C d
E‘l/ I:‘) uvel if
Pl = n U<y

3 matching M and vertex cover C, IMI=ICl=k

3 antichain of size > n-k
decompose P into chains:
u,v In the same chain if uwwvem

# chains = # unmatched vertices in U = n-k



| Dilworth’s Theorem

Size of the largest antichain in the poset P =
size of the smallest partition of P into chains.

d antichainof size = n-k = # chains

There exists an antichain ACP and
a partition of P into r chains such that I1Al =r.



Hall’s Theorem (marriage theorem)
\V/]g{lazaam}v |U@€[Sz‘ Z‘]‘

» S1,99,....,5,, have a SDR

et X =51U---U S5,

S10.... 0Sm
poset P: Xu{Sl,,“,Sm} %{O\

e O Oevenens ®
x<y; if xes; A:

Xis the largest antichain in P.

ACPisanantichain [={ilSecA} Sr=U;5

ANS; =0 B» A <|I|+|X|—|SI] <|X
Hall condition



Hall’s Theorem (marriage theorem)
\V/]g{lazaam}v |U@€[Sz‘ Z‘]‘

» S1,99,....,5,, have a SDR

et X =51U---U S5,

S10.... 0Sm
poset P: XU{SL---,Sm} %(O\

e O Oevenens ®
x<y; if xes; A:

X Is the largest antichain in P.

Dilworth: P can be partitioned into n=IX| chains
{81, x13, {82, 22}, ooy {Sm, Xm}y {Xm+1}5 ooy {Xn}



Hall's Theorem ]

Dilworths

Konig-Egervary
Theorem |

Theorem |

T



Erdos-Szekeres Theorem

Any sequence of N > mn distinct numbers must contain
at least one of the followings:

e an increasing subsequence of length m + 1
e a decreasing subsequence of length n + 1

(a1,...,an) of Ndifferent numbers N > mn
poset P: {(i,a;) |i=1,2,...,N}
(2,a;) < (J,a;) if a; <a; and i < g

chain: Increasing subseq
antichain: decreasing subseq

Use Dilworth!



Birkhoff - von Neumann Theorem

Every doubly stochastic matrix is a convex
combination of permutation matrix.

doubly stochastic matrix Az nxn A4;; > 0

Vg, ZAijzl and Vi, » A =1
7; j

permutation matrix P: P;; € {0,1}
every row/column has precisely one 1

convex combination:

A= NP >0 > oa=1
1=1 '



nxn honnegative matrix A:

\V/J, ZA’L]_V \V/Z ZAZJ_/V ’7>O

=3P xz0 Yo
1=1 1—1
iInduction on # of non-zeros in A denoted m

v > 0 » mz=n Basis: m=n
SZ:{]‘AZJ>O} 1=1,2,...,n

If 31 C{1,...,n},

el

iy sum by columns < |I|v

I{ sum by rows = ||~

contradiction!




nxn honnegative matrix A:

\V/J, ZA’L]_V \V/Z ZAZJ—/V ’7>O

A= ZAZ-PZ- Z
1=1 1—1
induction on # of non-zeros in A denoted m
SZ:{]‘AZJ>O} 1=1,2,...,n
VI C{1,...,n}, |U,e; Si| > |1
Hall’'s Thm: aSDR 91 € 51,...,7, € Sy,

permutation matrix P, (1, ;) = 1 otherwise =0
Am = min A(1, j;) AA=A-\, P,

1<1<n

vzv—)\m m <m—1 |.H.



Birkhoff - von Neumann Theorem

Every doubly stochastic matrix is a convex
combination of permutation matrix.

doubly stochastic matrix Az nxn A4;; > 0

Vg, ZAijzl and Vi, » A =1
7; j

permutation matrix P: P;; € {0,1}
every row/column has precisely one 1

convex combination:

A= NP >0 > oa=1
1=1 '



Flow and Cut



Flow

digraph: D(V, E) source:s € V sink.reV

capacity ¢ : E — R7




Flow

digraph: D(V, E) source:s € V sink.reV

capacity ¢: E—> R*™  flow f: E — R™

11

O/1

capacity: V(u,v) € E, fuo < Cuo

conservation:Vu € V\{s,t}, >, wep fuu = 2 (u.vep fur



1./1

/ v
1/3
2

1/3

1/1 /4

U/ 1

capacity: V(u,v) € E, fur < Cun

conservation: Vu € V\{s,t}, 3, wyer fuu = D (uvyer fur

value of .
ﬂOW: Z fsu— Z ffut

(s,u)eE (v,t)eEE

maximum flow



U/ 1

capacity: V(u,v) € E, fur < Cun

conservation: Vu € V\{s,t}, 3, wyer fuu = D (uvyer fur

value of .
ﬂOW: Z fsu— Z ffut

(s,u)eE (v,t)eEE

maximum flow



Maximum Flow

digraph: D(V, E) source:s € V sink.reV
capacity c¢: E —- R*

S.C. 0 < fuv < Cyu V(u, ”U) ck

> fwu— ), fuw=0 Vu € V\ {s,t}

w:(w,u)ElR vi(u,v)eEE

integral flow:  fuv € Z V(u,v) € E



Cut

digraph: D(V, E) source:s € V sink.reV
capacity ¢: E - R*

Yo e 0/1

s-1 cUut: SCV Z Couv
S € S’t g S ueS,ve¢S,(u,v)eE



Cut

digraph: D(V, E) source:s € V sink.reV
capacity ¢: E - R*

- .
- .~

0/1 o .

s-1 cUut: SCV Z Couv
S € S’t g S ueS,ve¢S,(u,v)eE



Fundamental Theorems of Flow

e max integral flow = max flow
(assuming integral capacities)

e max flow = min cut



Augmenting Path

1/1

1/1

0/1
augmenting path: s = wouy---up =t

fuuivr) < c(uwuiyr) i Q—»Q
f(uigru;) >0 it O—O




0<«1/1

0/1
augmenting path: s = ugui---ur =1t flow increased

fuiwipr) < c(uiwipr) i Q—>Q f(uiuipr) + €

Uj4-1

f(quui) > () if Q‘—Q f(uipru;) — €

U;4-1

maximum flow > no augmenting path



0/1

0/1

maximum flow <7=> no augmenting path



* L’ 0/1

Z fsu: Z fufu_ Z fvu

u:(s,u)eE ueS,vES u€S,vgS
7 (u,v)EE (v,u)eE
E fSu S E f’U/U S E C’U/U
u:(s,u)er u€S,vES u€S,vgS
’ (u,v)EE (uw,v)EE

max-flow min-cut



" . 0/1

S = {u | daugmenting path from s to u}

no augmenting path :> seS,tdS s-tcut

Yue S,vé S, (u,v) € E Juv = Cun
fvu =0
flow Z fsu: Z fuv_ Z fvu — Z Cuv CUTL
u:(s,u)eE u€S,vES ue€S,veES u€S,vgS

(u,v)eE (v,u)e E (u,v)EE



maximum flow <7=>> no augmenting path

Max-Flow Min-Cut Theorem
(Ford-Fulkerson 1956; Kotzig 1956)

max-flow =

min-cut

Flow Integrality Theorem
If capacities are integers, then

max integral flow = max-flow

in an integral flow f 3 augmenting path [ >

3 integral augmenting path

— > 3 larger integral flow



Menger’s Theorem

undirected graph: G(V,E) Vs,teV

s-tcut C C E removing C disconnects s, ¢

" Theorem (Menger 1927)

min s-f cut = max # of disjoint s-r paths

0—0 => e
@ Q :> @/10
O—® c—> O—®




Bipartite Matching

O matching: M C FE

no ei,e2&EM share a vertex

vertex cover: C CV

all e€F adjacent to some v&C

Theorem (Konig 1931, Egervary 1931)

In a bipartite graph,
max matching = min vertex covet.



max integral flow = max matching

V(u,v) c kb fuv S~ {O, 1}

Vue Vi, Y fuw <1



min s-f cut = vertex cover
min-cut :l/l\ Z Cory < OO :'\1/
seS,tg s u€S s

no edge (u,v) € Ehasu e ViNSvelh\S
—> (Vi\S)u(V2NnS) is a vertex cover

VINS|+Vans| = Y ot 3w = D Cw

veVi\S ueVansS (uw,v)EE




max integral flow = max matching
min s-tcut = vertex cover

Theorem (Konig 1931, Egervary 1931)

In a bipartite graph,
max matching = min vertex covetr.



Duality and Integrality



Maximum Flow

digraph: D(V, E) source:s € V sink.reV
capacity c¢: E —- R*

S.t. O < fU,’U < C’U/U \V/(/UW /U) E E

> fwu— ), fuw=0 Vu € V\ {s,t}

w:(w,u)ElR vi(u,v)eEE



Linear Programming (LP)

general form: matrix A = {a;;}mxn

sets M C |m| N C [n]

min ¢l g
S.1. CL;-FCB — b; e M
a,;-ra: > b, i€ M
X > () 1 € N

T unconstrained &€ N



Canonical Form for LP

r

general form;

T

~N

min c «
S.l. aTx =1, ie M
a;fpw > b; i e M
x; > 0 1 €N
r; unconstrained i€ N
a; r = b

-

canonical form:
mxXn matrix A

min CT;B
st. Ax > b
x > 0

T unconstrained




Standard Form for LP

canonical form: standard form:
mxn matrix A mxXn matrix A
min CT;E min CT;U
st. Az > b st. Az =0
x >0 x > 0
\_ _J \_ _J
" ZCL@jZBj — §; — bz
Z a;jx; > b > j=1
7=1 S; > 0

slack variable



Convex Polytopes

hyperplane: 4
subspace of dimension n-1

n
E aj:z:j — b
J=1

(closed) halfspace:
Z aja:j Z b
j=1

convex polyhedron:

intersection of halfspaces

convex polytope: bounded convex polyhedron



The Simplex Algorithm
(Dentzig, 1947)

A

y is a neighbor of x
If 3 an edge between

xandy

| find a vertex x;

| repeat: ‘;

. pick aneighbory |
with €Ty < ¢x;

. X EYy

¢ until no suchy.




Estimate the Optima

minimize
subject to > 10
+
> 6
1
16

167 = OPT = 30 (any feasible solution)

x = (2,1,3)



Estimate the Optima

gr > 10
_ ‘ I +
) > 692
forany v1 + oy2 < 7
R 2y2 < 1 Y1, Y2 > 0
3Yy1  — Y2 <09



Primal-Dual

Primal '
Dual max  10y1 + 6y2 dual
feasible
S.1 y1. + oYy2 < 7 solution
-1 + 2y < 1 -
yp — Y2 <D B
primal

Y1, Yo Z 0 OPT



Diet Problem

calories Cl 2 || crce ¢, |healthy
vitanjin 1 aii A12 | ce oo aln > b
vitamin m Aml Anp | ©ooeee Amn > b,
solution: X1 XD  eeeses Xn

minimize the calories while keeping healthy



Diet Problem

minimize clx

subjectto 4, > p

x=>0
calories Cl 2 || crce ¢, |healthy
vitan:lin 1 ail A12 | ce oo aln > b
vitamin m Aml Anp | ©ooeee Amn > b,
solution: X1 X9  eeeees Xn

minimize the calories while keeping healthy



Surviving Problem

price
vkaqﬂnﬁl

vitamin m

solution:

Cl 62 oooooo Cl’l
all alz oooooo all’l
aml amz oooooo amn
x1 xz oooooo xn

healthy
> b

> bm

minimize the total price while keeping healthy



Surviving Problem

price
vkaqﬂnﬁl

vitamin m

solution:

min cTx
S.1. >
> ()

Cl Cz 000000 Cn
all alz oooooo aln
aml amz oooooo amn
x1 xz oooooo xn

healthy
> b

> b,

minimize the total price while keeping healthy



Dual LP

Primal: Dual:
min cTx max bTy
s.t. Ax=b s.t. yTA<c
x=0 y=0
dual
solution: price C1 @ | oeoooc cn | healthy

Vi vitamin 1 ail A2 | eeeees ain b1
VYm vitamin m | Qmi am2 | *°°°°° Amn bm

m types of vitamin pills, design a pricing system
competitive to n natural foods, max the total price



Max-Flow

digraph: D(V, E)
capacity c: E —

source;:s €V sink:reV
R+

0/1

max s feu
u:(s,u)eFE 0/1
duv S.1. 0 S fuv S Cuv V(u, ?}) )
- S foe S o =0 YuEV\{st)



Dual-LP

digraph: D(V, E) source:s € V sink.reV
capacity c¢: E - R* o

0/1

min =~ ) cuvduo
(u,0)€E

S.1. duv — Pu T Do > 0 \V/(Uy U) c b
Ps — Dt Z 1
duv,>PR), L0210 V(u,v) € B Yu eV



Flow-Cut Duality by Another LP

Primal:  max Z Tp
s-t path p

S.1. Z Lp < Ce Veel
p:ecp
Tp = 0 Vs-t path p
Dual: min Zyece

S.1. Z Ye = 1 Vs-t path p

Z/eZO Ve e F



Duality

Primal: Dual:
min c¢lx > max bTy
st. Ax=b s.t. yTA=<cT
x=0 y=0

dual of dual is primal

v feasible x and y

yIb < yTAx < cTx



Duality

Primal: Dual:
st. Ax=b s.t. yTA=<cT
X = O y > O
Silccade IDurd ity TTHeomeam

OPTprimal = OPTdual



Maximum Integral Flow

digraph: D(V, E) source:s € V sink.reV
capacity c¢: E— 7™

S.1. 0 < fuv < Cuv \Vl(ua ”U) c b

> fwu— ), fuw=0 Vu € V\ {s,t}

w:(w,u)ElR vi(u,v)eEE

integral flow:  fuv € Z V(u,v) € E



Integer Programming

a4 )
canonical form:

mxn matrix A
min CT;B

st. Ax > b

™ 77 e

LP-relaxation Integrality gap



3-sAT: [\ (li, Vi, Vi)
i=1

iteral  1;, € {;.,~x; }

Boolean variable x; € {true, false}

Mmax Z Zi

S.1. 2i <Y, TV TV, V1<i<m

yij :xij if lij — Ly
Yi, =1 —xy, if [;, = —x;,
z;,z € 10,1} Vi<i<m, 1<j<n

ILP (Integer Linear Program) is NP-hard



Integral Polytope

Integral polyhedron:

all vertices are integral

OPT for ILP =
OPT for LP-relaxation

min ¢! x

st. Ax > b
x € 7"

How to tell whether Ax = b is an integral polyhedron?



Unimodularity

mxXm integer matrix b
B is unimodular if det(B) = +1.
mxn integer matrix A

A is totally unimodular if
V square submatrix B, det(B) &€{0, 1, -1}.

A is totally Vb € Z'™ polyhedron
unimodular Ax=b is integral

V basis B: a set of m linearly independent columns of A
basic solution = = B~'b = B*b/det(B) integral



Total Unimodularity

A is totally unimodular if
V square submatrix B, det(B) &{0, 1, -1}.

Theorem (Hoffman-Kruskal, 1956)

A is totally polyhedron Ax=b,x =0
unimodular Il: is integral for Vb € Z™

A is totally :{> sois[A I]

unimodular

canonical to standard by adding slack variables



Totally Unimodular LP

o Max-Flow
e Maximum Bipartite Matching

e Shortest Paths



Matroid



Minimum Spanning Tree (MST)

Find the

minimum
spanning tree

Kruskal’s Algorithm: Greedy!

S=00:

undirected graph
G(V.E) while de€FE that SU{e} Is a forest:

pick such e with min c;
. . _|_




Maximum Weight Spanning Tree

Find the

maximum weight
spanning tree

Kruskal’s Algorithm:

S=00:

undirected graph
G(V.E) while de€FE that SU{e} Is a forest:

pick such e with max c;
. . _|_




Matroid

set system F C 2%
each S € F is called an independent set

hereditary: S c F T CS &=> TeF

matroid property:

S, T eF
VY C X, S,TCY}:'>ST

S, T maximal

VY C X, basis: maximal S¢F, SCY
rank: 7(Y) =S| SisabasisofY



Graph Matroid

undirected graph G(V.E)

set system F C 2F
F = all forests in G }

hereditary: subgraphs of a forest are forests

matroid property:
v subgraph of G with kK components

all spanning forests of G have the same size
VI -k



Linear Matroid

m X n matrix A

set system F C 2"

F ={S | columns A.;,j € S are linearly independent }

hereditary: subsets of a linearly independent set
are linearly independent

matroid property:
v subset of columns of A sub-matrix B

all basis of B have the same size



Greedy Algorithm

matroid F C 2%
weight c¢: X — R™

findthe S € F withthe
maximum weight ¢(S) = Zc,,;

€S

Greedy Algorithm:
S =O;
while di€X that SU{i}&.7:

pick such i with max c;;
S = SU{i};




Greedy Algorithm

matroid F C 2%
weight c¢: X — R™

findthe S € F withthe
maximum weight ¢(S) = Zc,,;

€S

Theorem (Rado 1957; Edmonds 1970)

The Greedy Algorithm finds the maximum
weight independent set in a matroid.

Proof: Same as Kruskal’s Algorithm.



