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point-set embedding:

draw Kn with min. ink
(using M-geodesics)
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VLSI layout:
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minimize total wire length
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Part I

A Simple Recursive
O(log2 n)-Approximation Algorithm

for GMMN in the Plane
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≤ o

OPTRSA OPT

“cross”RSA network

≤ + OPT

GMMN

o +

cross + GMMN network is RSA networkX
– efficiently constructable: RSA admits PTAS in 2D.

⇒ ρxy-sep ≤ 2(1 + ε) , ρx-sep ∈ O(log n) , ρ2D ∈ O(log2 n) �
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Main Result for Higher Dimensions

Approximation Factors
Dimension Step 1: Partition Step 2: RSA Result

2 O(log2 n) O(1) O(log2 n)

d > 2 O(logd n) O(log n) O(logd+1 n)

TO DO:
In 2D, remove one level of recursion!
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STAB RSA

+

RSA

=

approx. GMMN&

u

v

– feasible X
– near-optimal

≤ 4 OPT ≤ 4(1 + ε) OPT︸ ︷︷ ︸
≤ 8(1 + ε) OPT
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Proof.
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log n

2D-GMMN x-sep. GMMN

6(1 + ε)

STAB RSA

+

︷ ︸︸ ︷O(1)

?

. . . and in Rd

. . .

O(1)-approx.
for RSA?

O(logconst n)-
approx. for
GMMN?
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