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Motivation Main Results Experiments
Cons@er /eammg to play an unknown repeated game. GP-MW algorithm for player i » Random zero-sum games:
- Bandit algorithms: slow convergence rates. — | 1 1 -
- Full-information algorithms: improved rates but are often unrealistic. initialize mixed strategy : wy = [/g, ..., /] € R™ Lo e T O e e s
1.41 ' —— GP-MW
Under some regularity assumptions and a new feedback model, we Fort=1,.... T 121 | GP-MW leadstoa | .. s
, . . | : =01 smaller regret sl 4
propose GP-MW algomthm. GP-MW mproves upon bandit regret - Sample action: a' ~ w, os st 15 gy |1
ouarantees while not relying on full-information feedback. g | _ os| W a] o
- Observe: noisy reward r, & opponents actions d,
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Cat_L Compute optimistic full-info. feedback r, € R™: . + Player-| uses Hedse, Exp3.P or GP-MW. + Player-| uses GP-MW, Player-2 uses Exp3.P
cl- D ‘- -‘; [k] . { UCB ( —i) | } I i K Player-2 plays random actions.
. r[k] = min a,, d =1,....K
e At each time t: @ dh ! e = 2o 21 U .
o . - » Repeated traffic routing:
- player i picks action a; € &; blayer 1 other ployers - Update mixed strategy : " ;
: ; —1
- other players pick actions a; | _ - 528 agents, K; = 5 possible routes for each agent
- player i receives reward r'(a’, a; ") W, k] cc wlk]-exp (n-r[k]) . k=1...K - .
- Agents want to miminize traveltimes:
| - - Update GP model based on the new observed data ri(ai. o~y = — traveltime'(a’, a7 pEL L N
» After T time steps, player 1 incurs regret: N | I = NN L R |
Simulated with BPR congestion model D B e i, g |
RUT) = max Y ria.o ) = Y ritah ) Def. Maximum information gain B vy round esch agertcbseves
acd =1 =1 : /MUtual 'chrmat'(?n btw. ! : , L [http://www.bgu.ac.il/ bargeraltntp/]
~ — Yr = max I(rT; rl) r'(-)and ry = [r'(x) + g]thl 2) Total occupancy on each edge (le., a/+a, )
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e Reward function ' : A1 x --- x /N = [0,1] is unknown
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* Y7 grows with domain's dimension d. t.g., y, = O((log 7)Y for SE kernels
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» Fach time ¢, player 1 observes:
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) if’i = ri(ati, at_i) + ef ,eti o-sub-Gaussian  (noisy bandit feedback) Theorem. Assume ||r'[[; < B. If player 1 uses GP-MW, with 8001 Efsgi GP-MW with polynomial | 101
. B; = B +/2y,_, +log(2/6) and 5 = v/ (8log K)/T. | hen, w.p. (1 -9), 6001 > GP-MW 23352; kernels of degree 24016 |
2) a;" (actions of the other players) 40014 GPMW (dgr2) . 8 . e R
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* Regularity (smoothness) assumption:

GP-MW leads to smaller regret and reduces the congestion
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r'( - ) has a bounded RKHS norm w.rit. a kernel function k(- , - ) « For a' € R% and Lipschitz rewards: R{(T) = @(\/diT log(d.T) + VTﬁ)
o Sequentia| movie recommendation: [htps://grouplens.org/datasets/movielens/ | 00k/ ]
Ke ‘ dea Don't know a-priori who will see our recommendations.
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Yo'y . At every round: - We select a movie g, 4] | |GP-MW is no-regret | —— GP-MW
-!<::)t- LJhSE3 (;leJEESICJfT [)r()CRESES (q:;fz) (:()f717(1f3rﬁcxa t)()LerCiS 11) (EITTLJICthf t’](? F: ” . .f . EB (j' F) (j (j | —-/\CfJEWTiiFy’SEﬂEECTS ELLJSGH“llt for this task —— GP-UCB
- fuII-information feedbac/c ull-information andit roposcd maodc _Rating: 7(a,, 1) = atTru, Le 3 1 —<— StableOpt
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° Player 1 can use the observed data {Clzl., _l ~l }t 1 to build a Feedback: {I"l(d, Clt_l), Va e ﬂl} l’i(dt, Clt_i) r’(a;, Clt_l) + €tl . Clt_l Bayesian Optimization baselines: N W
shrinking Upper Confidence Bound on r’( ) . - GP-UCE fsrinvas etal.2010] - 4 = arg max max UCE (a, 1) . | . . . .
Regret: - StableOpt [Bogunovic et al. 2018]: @, = arg max min UCB,(a, 1) ° 200 O rations 00 1009
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Hedge Fxp3 GP-MW
| [Freund and Schapire '97] Auer et al.'02] [This paper] | | | | | |
o /’tt( . ) and Gt( . ) are the ;DOSTZGI”IOI’ mean and covariance functions o 1] P Auer, N.Cesa-&anchhi Freund, R.E Schapnghe nonstochastic multiarmed bandit problem.S/A/\/lj. Computl.,ZOOB.
, . Unrealistic feedback, | [2] Y.Freund and R. E. Schapire. A decision-theoretic generalization of on-line learning and an application to boosting. Journal of

Computed using standard GP regression. Scales badly with Ki Computer and System Sciences, 1997.

since r'( -, + ) is unknown
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