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Online Bayesian Recommendation

Setup:
- Video state 6 ~ 4 € A([m]), A is public prior information
- User has binary action A = {0, 1}

- User’s utility function p: [m]XA — R; Platform'’s state-
independent utility £&: A - Rand é(a) = a

Information Asymmetry & Signaling Scheme:

- Only the platform can observe the realized video state

- Signal Space Z, and signaling scheme 1: [m] — A(Z)

Online Setting: User’s preference p is
unknown to the platform!

Online Bayesian Recommendation:

Foreachroundt =1, ..., T
- Platform commits £, and 7;: [m] = A(Z;);

- Video 8§ ~ Ais realized, and a signal o; ~ {1:(6, 0)}ges,
is sent to the user;

- Upon seeing g, user forms a Bayesian posterior
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- With posterior, user selects action a; €
argmaxaequE%#t [p(6,a)];

- Platform gets utility £(a;)
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Applications:

Stackelberg Regret: Reg(T) = Y, U(n™) — X, ..z, U(mTt)
where U (1) denotes platform’s expected payoff of

Benchmark: Let w(i) £ (p(i, 1) — p(i,0)) - A(2)

Optimal T*: £* = A, and a threshold structure: 3it € [m] s.t
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Persuasiveness of : Whether ;e @(D)7(i, 1) = 0

Lower Bound and Challenge

Lower Bound: No online policy can achieve an expected regret
better than Q(loglog T'), even when m = 2.

Challenges to Have a Good Algorithm

The platform’s feedback is limited and probabilistic!: The
platform knows whether 1 is persuasive or not only when (a) the
realized signal oy is 1; (b) o = 0, and a; = 1.

* Challenge 1: difficult to identify the signs of {w (i)}

¢ Challenge 2: difficult to determining if U(t*) = C

Feedback
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Dynamic Pricing [2, 2]

(%) : Here, p « n:(i*, 1),v « o (it, 1)

Two Algorithms

Algorithm 1 to Achieve O (m! - loglog T):

- Enumerating all possible total order over the states
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- Once r* is pinned down, a mechanism similar to [2] to search
m*(if, 1) suffices

- There must exists a total order r* over the states w.r.t. true

High-level Descriptions:

* Exploring phase 1:
A binary search to identify U such that U < U(*) < 2U

* Exploring phase 2:
Use a mechanism similar to [2] to identify a persuasive m*
such that U(nt) > U(n*) — 1/T

Algorithm 2 to Achieve O (poly(m)log T):

Platform’s problem is optimizing a linear program with membership
oracle access: known 4 = (/1(1')) but unknown @ = (a)(i))
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s.t. (m,w) >0

m(i,1) € [0,1], Vi€ [m)]

Find initial point of the feasible region of w is not trivial!

Future Directions
Algorithm to achieve O(poly(m) - loglog T) (ongoing work)
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