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Taylor-based pseudo-mnuetrics for random process
(o AADom @7 T Il‘( T EMTAMTIE TANTRMN G TRAT AT TR TITANGT © DWal N 'TI H @@
(ifittimg fm dymannic programming s expected loss
c Do Do 2 D, AL T o Il 2 E’m‘l’] Srm e G B g s S e
mimimnization amd rislk nanagennemt,
Sylvain Gelly, Jérémie Mary, Olivier Teytaud
TAO-inria
LRT,UMR 8623,
bat 490 Universite Paris-Sud 91405 Orsay Cedex France
mail: {gelly,mary,teytaud}@lri.fr
Stochastic optimization is the research of x optimizing E C So it is crucial to have good estamitions of distance beetwen two
(x,A), the expectation of C(x,A), where A is a random variable. random process. A classical method is the use of the Kantorovitch-
Typically C(x,a) is the cost related to a strategy x which faces Rubinstein distance. We propose other (pseudo-)distances, based
the realization a of the random process. upon refined inequalities :
We want the alea A' which minimise sup, |[E(C(s,A))-E(C(s,A")|.
Example in dimension one of i S Using a taylor expansion we propopose theses«dis tances»
the expected cost for a given
distribution A, in function of )
the differents strategies. distance, (mr(A),s,)=|E,V.C (So, A)(mr(A)—A)|
Being too short is much worse : e
than bein toolong. = distance, ' (mr(A),50)=E,\|V4C (s, A)(rr(A)= A
distance,(m(A),s,)=|[E,V,C (SO,A)("(A)_A)
Typical paradigm for solving this kind of problems: 1 "
+=(m(A)=A) H AC (50, A)(m(A)- Al
Random process A ~ Approximation of A with A'
A' is the CIoseSt element OfA' 80 runs. 230 runs (0,000539431,C,00013472,0,903:153,4,85508e-05)
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Simulation using strategy

SRt e Results in dimension 1 without noise. X-coordinate is the rank

v of A" according to the considered distance. For a "“good"

Expected Cost of strategy s* forA distance we expect that small distances are associated to a

A'is close to A so we expectthie Cost for s* small cost. The second graphic is a zoom on the smallest
is close to the Cost for S ESEROSSIDIESHAEEY) distances between A and T(A)=A'. We can see that the

Kantorovitch-Rubinstein distance gives very bad results
because the cost is not correlated to the distance.
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[ Same graphics than above but with noisy datasets and with adapted F‘J I N R ] A
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NFORMATIOUE our adapted mesures. C'qu 05

5850 runs (0, 0852465, 0,0729567, 0, 0811035, 0, 0715662) 5650 runs
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