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1: function EXTENDGROUP(G, R, v)

2 while |G| < 2k do

3 (g,r) = arg min distance(g, r)
(9,7)EGXR

4 din = distance(g, r)

5 dout = Segin{r}dlstance('r, s)

6: if dip, < vdout then

7 G+ GU({r}

8 R+ R—{r}

9: else

10: break

11: end if

12: end while

13: return (G, R)

14: end function
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1: function MONDRIAN(partition)

2: if partition 000000 then

3: return {partition}

4: else

5: dim = chooseDimension()

6: splitVal = findMedian(partition, dim)
7 lhs = {t € partition |t.dim < splitVal}
8: rhs = {t € partition | t.dim > splitVal}
9: return mondrian(lhs) U mondrian(rhs)
10: end if

11: end function
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Algorithm 3 00000000000 0OOO

1: function TOMOBIKI(m, k, V')

2: G = makeGraph(m, k, (V,0))

3: return cutGraph(k, G)

4: end function

5: function MAKEGRAPH(m, k, G)

6: H={G.€GOODOO0O||V(Ge)| <k}

7 if |H| = 0 then

8: return G

9: else

10: AE= |J {(w,v) € Plu,» 0000 POO m 100D }
GecH

11: 000 P=V(Ge) x (V(G) = V(Ge))

12: return makeGraph(m, k, (V(G), E(G) U AE))

13: end if

14: end function

15: function cuTGraPH(k, G)

16: return cutConnected(k, Gc)
Gc€G 0ODOOOO

17: end function

18: function cUTCONNECTED(k, G)

19: if |V(G)| < 2k then return {V(G)}

20: s=00000000 (s€ V(Q))

21: n<«<s00000000 (n€ V(G))

22: N+ 0 >000000000000000000
23: G« G >000000000000
24: repeat

25: G'=GU00 000000

26: G, «+ G'00000 k0ODOO0DODOOO0OOOO0

27: N+« (NU{GOODO » 0000000 }) - V(Gy)

28: n+« NOOO (V(G)—V(Gy)) 00000000000

29: until |V(G)| — |[V(G1)| < k

30: if |[V(G1)| =0 then

31: return {V(G)}

32: else

33: G, =G 00 V(G;) 000000 >000000000
34: return cutGraph(k, G1) U cutGraph(k, G2)

35: end if

36: end function
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