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Slate Bandits

At each t P rT s, the learner is presented with N item‐sets tX 1
t , . . . , X N

t u Ă Rd.
The learner chooses items xi

t P X i
t and plays the N‐tuple xt “ px1

t , . . . , xN
t q.

She receives reward rtpxtq sampled from a GLM, i.e, rtpxtq | xt is distributed as
Pθ‹prtpxtq | xtq “ exp

`

rtpxtq ¨ pxJ
t θ‹q ´ bpxJ

t θ‹q ` cprtpxtqq
˘

.

The link function µ is defined as µpxJ
t θ‹q :“ Errtpxtq | xts “ b1pxJ

t θ‹q.
Here, xt is called a slate and the item xi

t is said to be placed in slot i.
The learner aims to choose slates in a way to minimize her (expected) regret,

RpT q “ E

«

T
ÿ

t“1
max

xPX 1
t ˆ...ˆX N

t

rtpxq ´ rtpxtq

ff

.

GLM Bandits require dealing with an (exponential) non‐linearity parameter κ;

κ “ max
xPtX 1

t ˆ...ˆX N
t utPrT s

max
θPΘ

1
9µpxJθq

.

Limited Adaptivity

The learner is constrained to make only M policy updates.

Batched Setting

Learner has to decide the update
schedule apriori.
The item‐sets are assumed to be
sampled from an unknown D.
Θplog log T q updates are required and
suffice for optimal regret [1,4].

Rarely‐Switching Setting

The learner can choose when to update
the policy on‐the‐fly.
The item‐sets are assumed to be
adversarially generated.
Ω̃pd log T q updates are required for
optimal regret [2].

Applying SOTA algorithms [4] to our setting results in inefficient algorithms.

Goals

Achieve κ‐free optimal regret under limited adaptivity constraints.
Achieve efficiency, i.e, avoid iteration over exponentially large set of slates.
Handle single (bandit) feedback.

Diversity Assumption (A1)

The items xi
t chosen by our algorithm for all t P rT s, i P rN s are diverse enough, i.e,

Dρ ą 0 s.t. Erxi
tx

i
t
J

| Ft´1s ľ ρI and Erxi
t | Ft´1s “ 0.

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

i
t
J

| Ft´1s ľ ρκI .

Implication of (A1)

We show that the eigenvalues of the design matrices grow linearly with time:

@i P rN s, let H i
t “

ÿ

9µpxJ
t θ‹qxi

tx
i
t
J
, then, PrλminpH i

tq ě cρts ě 1 ´ δ.

This, in turn, allows us to show to show a multiplicative equivalence, i.e
H ľ c¨diagpH1, . . . , HNq ùñ ∥x∥H´1 ď

?
c∥xi∥H i´1, where H “

ÿ

9µpxJθqxxJ.

Optimal Designs

G‐Optimal Designs: These are the solution to the optimization problem:
πGpX q “ arg minπP∆pX q maxxPX ∥x∥2

V ´1
π

, where Vπ “
ÿ

xPX
πpxqxxJ.

While finding πG is NP‐hard, approximate solutions can be found efficiently.
Distributional Optimal Designs: Introduced by [2], these give optimal design
guarantees for stochastically sampled arm‐sets.

B-SlateGLinCB: A Batched Algorithm
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Selection: Sample
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Obtain arm-sets  and play
 where .

Warm-Up Batch

Key Ideas and Highlights

Idea: (A1) allows to reduce the slate‐level problem to a slot‐level problem.
Extending [4]: When N ą 1, we get the terms 9µpxiJθ‹iq{ 9µpxJθ‹q (can be 9κ).
Scaling Slate bt: Define bt “ pb1

t , . . . , bN
t q as

bi
t “ arg maxxPX i

t
∥x∥pV iq´1.

The Fix: Our scaling slate leads to the terms 9µpbJθ‹q{ 9µpxJθ‹q. We show that
these terms grow as Op1q. Thus, we avoid a potential κ‐dependency.

RS-SlateGLinCB: A Rarely-Switching Algorithm

Obtain arm-sets  and play  where 

, 
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At Round 

Check Switching Criterion

Update  and 
set .

For each slot , do

UCB-LCB elimination w.r.t  and .

Play  where

.

True False

Update  and .

Key Ideas and Highlights

Idea: Using (A1), if a ”switch” happens at round t,
det Ht ě 2det Hs ùñ ∥x∥H´1

s
ď

?
2∥x∥H´1

t
ď

?
2c∥xi∥H i

t
´1.

Removing Switching Criterion I from [4]: A consequence of using (A1) to show
that eigenvalues of the design matrix V i grow near‐linearly.
Improvement in #Switches over [4]: Our algorithms makes ÕpNd log T q updates,
improving over [4], which makes ÕpκN 2d2 log2 T q updates.

Matching the lower bound: We match the bound in [2] upto polylog factors.

Regret Bounds
B-SlateGLinCB

RpT q “ Õ
ˆ

Nd3{2
b

T ¨ E
X

9µpxJ
‹ θ‹q

˙

B-SlateGLinCB with Distributional Optimal Designs

RpT q “ Õ
ˆ

Nd
?

T ¨

b

min tdEX 9µpxJ
‹ θ‹q, N maxX 9µpxJ

‹ θ‹qu

˙

RS-SlateGLinCB

RpT q “ Õ

˜

Nd

c

ÿT

t“1
9µpxJ

t,‹θ
‹q

¸

Experiments and References
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Figure 1: ∥θ‹∥ ď 2, N “ 5, d “ 5
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Figure 2: ∥θ‹∥ ď 5, N “ 10, d “ 5 Figure 3: Prompt Tuning
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