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Dueling Bandits Stackelberg Game Perspective

| want to have a healthy and balanced O View actions as players in a Stackelberg Game
dinner. What should | cook? =+ With objective P.(z - a'), both players choose 4
* True preference is unknown
* Approximate it with a lower-bound

At every step t

Choose actions x;, Receive binary feedback y;

Py, = 1) = s (f(@:) — f(})) Ty > :13;t

* Kernelized reward function:
* Goal: Sublinear regret f ¢ H,, ||f|l» < B

LCB;(z, ') = s(h(z,x")) — Bioe(z, x')

3 S [ MaxMinLCB Acquisition Function

. x; = argmax LCB; (x > w(x))
L P(z* = 2) + Pa* = ) — 1 Which one 2
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Challenges Pai © G x; = w(xy)
« Continuous action space arr 2 = . . .
 Expensive to query, qualitative preference feedback S S Organically balances exploration & exploitation

 Complexity of exploration & exploitation * What's the role of the Leader?

* What's the role of the Follower?

Contributions

* Stackelberg Game formulation

* Practical confidence bounds for kernelized utilities
* SOTA performance with no-regret guarantee

Theorem (Regret — Informal)

With an appropriate choice of 3;, MaxMinLCB satisfies
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Choosing B,t 7t + log( /6/) erhisiies , , MaxMinLCB performs consistently among the top for a
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