Online Combinatorial Optimization
with Stochastic Decision Sets and Adversarial Losses
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The learning problem

For each timestept = 1,2, ..., T . Full: £,
« Environment chooses decisionset$; © §
Learner chooses action V, € S € {0,1}¢
Environment chooses loss vector £, € [0,1]¢
Learner suffers loss V| ¢,
Learner observes feedback based on V; and 4,

Regret definition

Feedback assumptions Usual goal: minimize regret against S
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RT — maXE z(Vt — )T’gt ),
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Comparator might not be available!

Decision set: A sensible comparator class:

S ={v;}ir, €{0,1}¢
lv;ll; <m IID availability:

St~P

The set of policies IT = {m: 2> — S } s t.
r(S)eScs

. : - « Semi-bandit: £ ;V; TR i
Example: sequential routing SMIDantit- Teive Our goal: minimize regret against I1

Algorithm: SleepingCAT (FpL)

Restricted feedback Estimating 1/a; -
: Parameter: learning raten > 0, L, = 0
Define Kanade, McMahan & Bryan (2009): - Ht X % _ 13 - 0
* A =1 is available + devote first K steps for exploration! Of CAER TITE SR T = s
t,i {component iis available in round t} evote TIrs steps 1or exploration: . Draw perturbation vector Z, with
¢ a; = Et[At,i], and  use samples to construct d; s.t. E[d;] = a;! 7. ~ Exp(n) i.i.d. forall i €

(12, ...d)
« Play
V, =argminv'(L;,_; — Z;)

UESt
« Computef;andletL, = L;,_{ + ¥;

dhe magic trick: Counting Asleep-Times

.. but how do we compute a;? | L . Lt 2 Lo IV

Semi-bandit feedback ‘ ﬂ * * | * ﬂ'-

e
Define q;; = E;[V¢;] and ‘ . e
P Lt V. . Bvdicle downt|me. Efficient whenever the optimization
t,i — q:i t,1 E[Nt,i] = 1/aq; meianf

can be solved efficiently for all D € §

.. but this requires perfect knowledge of P!

Another idea: define q;; = Et[Vt’i‘St] and

Computing K ;:

« use Geometric Resampling (Neu &
Bartok, 2013)

« requires d calls to oracle on average

Restricted Semi-bandit
ft,i — ft,iAt,iNt,i ft,i — ft,in,iNt,iKt,i

.. but that needs a; again.

Results

Full info Restricted info Semi-bandit Setup follows Kanade et al. (2009):
« 5arms, available independently of each other w.p. p
Kanade et al. 2009 \/T loo d [ (dT)*/5log T » Losses are symmetric random walks truncated to [0,1]
(m = 1 Only) g (T3/4 conjectu red) sleeplng bandits, 5arms, varying availabity, average over 20 runs
—eem
SleepingCAT /3 (1 P31/3 TR
general bound m\/dT lOgd (de) (lOg d) i a ; : : § e o |
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Analysis idea 0
» Define independent copies S ~ P and Z ~ Z, Lemma 1: for any policy € I, R ey
+ Define hypothetical forecaster T Scaling with grid size in a shortest-path problem:
o e m(logd +1) 3% 3 10 x 10
V, = argminv (Lt — Z) z V,— n(S) < - |
N ES = n SEE?WE?EW;?@'E{_TSP;_E;Z?L‘__F’_?‘_‘_‘f‘:?f‘_?_‘%lf'_‘f‘f__?‘_’_?‘f??ﬁ?_F??{?E?F’_[E‘_’IS 'Fi::mdi ______ T _E;_;!;_F_}Le__t_h__19____19_9_..@. _____________ age over 20 runs
soV, ~ V., given history up to round t 0% | Lo et | o ot
* Then, . | |
Et[V 1£t] =E,[V]!¢,] Lemma 2: for any £, = 0,

Ee [TC(S)TAt] = E¢[m(Se) "] E; [(Vt—l — Vt)T?t] < E; [(Vt—1T?t)2]




