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Bounds
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Regulaization m Any deterministic algorithm has a competitive ratio of at
e least 2n — 1 on any metric [Borodin, Linial, Saks]

Jacoh m The Work Function algorithm has a C.R. of 2n — 1 [BLS]
p:::reréfaefxit, m The C.R. for a randomized algorithm is Q(log n/ log log n)
S for any metric [Bartal, Bollobas, Mendel]
" Staneon m Embedding a metric into a HST gives a

O(log? nlog? log n) competitive algorithm for any metric.
[Bartal, Blum, Burch, Tompkins|, [Fiat, Mendel]

Related Work m Any randomized algorithm has a C.R. of at least H, on
the uniform metric.[BLS]

m Marking [BLS] has C.R. 2H,, Exponential [Irani, Seiden]
has C.R. Inn+ O(+/log n)
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Our Algorithmic Framework

Our aim is to design randomized algorithms under the following
assumptions

m the algorithm is work-based: pt = p(W?)
m the algorithm is reasonable: if W, = W, + 4(i, j) then
pi(W) =0
We make the following assumptions in order to make the
analysis easier.

m the algorithm is conservative: If state i receives cost, then
the probability at state j does not decrease.

m the cost vectors are elementary: every ct = e,

m the cost vectors are reasonable: if ¢t = ae; then
a < Wi —WE+6(i.))
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MTS as a Regularization Problem

We need a more sophisticated penalty function that goes to oo
for supported states so that we can enforce reasonableness.

Definition

For any metric § on [n] and any 1—Lipschitz vector W with
respect to d, we say that f;(W, \) is a Lipschitz penalty

function if (W, ) — oo as min; (Wj — W+ 5(i,j)) -0
We can now pose MTS as a regularization problem:

p(W) = argmin (R(p) + Z pifi(W, )))

We must select the right R(p) and f;(W, \).
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