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RS-SlateGLinCB: A Rarely-Switching Algorithm
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= The item-sets are assumed to be = The item-sets are assumed to be
sampled from an unknown D. adversarially generated. \\ Play X, = (xg,...,xgv) and store by = (b, ..., b}) / [ Update H; and H Vi € |
* O(loglog T") updates are required and = Q(dlog T) updates are required for I
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Applying SOTA algorithms [4] to our setting results in inefficient algorithms. Key Ideas and Highlights
Goals Key Ideas and Highlights = |dea: Using (A1), if a "switch” happens at round t,
. . _ _ det H, > 2det H, = |lz|lg— < V2|x|l g1 < V2e||lx| ..
= Achieve k-free optimal regret under limited adaptivity constraints. Idea: (A1) allows to reduce the slate-level problem to a slot-level problem. L2 l2llm < V2|2 g || g

= Achieve efficiency, i.e, avoid iteration over exponentially large set of slates.
= Handle single (bandit) feedback.

Diversity Assumption (A1)

= Extending [4]: When N > 1, we get the terms u(a:ﬂé’*i)/u(wTH*) (can be ock).
= Scaling Slate b;: Define b, = (b}, ...,b}) as

v
bt = arg manEth' CBH(V@')—l

The items x! chosen by our algorithm for all t € [T'],7 € [N] are diverse enough, i.e,
dp > 0 s.t. E[m%mf | Fi_i|=pI and E[z!|F_i]=0.

This is strictly weaker than the one used in [3], who assume

Implication of (A1)

E[m%mf | Fio1] = prlI.

= The Fix: Our scaling slate leads to the terms (b'0*)/(x'0*). We show that
these terms grow as O(1). Thus, we avoid a potential k-dependency.

Regret Bo

= Removing Switching Criterion | from [4]: A consequence of using (A1) to show
that eigenvalues of the design matrix V' grow near-linearly.

= Improvement in #Switches over [4]: Our algorithms makes O(NdlogT) updates,
improving over [4], which makes O(kN?d?log” T') updates.

= Matching the lower bound: We match the bound in [2] upto polylog factors.
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B-SlateGLinCB

B-SlateGLinCB with Distributional Optimal Designs

RS-SlateGLinCB

= We show that the eigenvalues of the design matrices grow linearly with time:
Vie [N], let H = ) j(x/ 6" iz then, P (E) = cpt] = 1 — 6.
= This, in turn, allows us to show to show a multiplicative equivalence, 1.e

H > cdiag(H',... . HY) = ||z||g <

Optimal Designs

ve|x'|| o1, where H = Z,[L(wTH)mmT

= G-Optimal Designs: These are the solution to the optimization problem:
Ta(X) = argming s ) maneXHwH%/;rl, where V. = Zmexﬂ(w)wa'
While finding w¢ I1s NP-hard, approximate solutions can be found efficiently.

= Distributional Optimal Designs: Introduced by [2], these give optimal design
oguarantees for stochastically sampled arm-sets.
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