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PRIOR DIFFUSIVENESS IN LINEAR-GAUSSIAN BANDITS

Settin Question
g

If the prior is diffuse, does Thompson
sampling pay

Rep1 =0, Ac + Wi, W1 ~ N(0,0%)
a worse long-run rate?
Ace AcrBY, 6, ~N(0,%).

or only

m d: dimension; T: horizon. an initial burn-in cost?

m r: action radius; o2: noise variance.
Diffuse priors hurt only through additive
burn-in.

(6



EXISTING PICTURE: SCALE MULTIPLIES THE RATE

High-level limitation of prior analyses

In many existing analyses, the parameter scale, reward scale, or prior scale multiplies the rest of
the regret bound.

Example: Kalkanli-Ozgiir (2020) Suggested picture

Suppressing logarithmic factors,

Reg(T) < d\/T(a2 42 Tr(Zo)). regret = scale x long-run learning cost

The pri seale o Tr(Eo) muliplis the T term.

This picture is too pessimistic for the
linear-Gaussian bandit.




MAIN RESULT: ADDITIVE DECOUPLING

Bayesian regret of Thompson sampling

Reg(T) = 5(ad\/?+ dn/ﬁ) .

Long-run noisy learning Prior-localization burn-in

odV'T dry/Tr(Xo)
depends on dimension, horizon, and depends on action radius and prior
observation noise; not on prior scale. diffusiveness; not polynomially on T.

Conceptual difference

Prior diffusiveness hurts, but it does not multiply the long-run /T term.




WHY STANDARD POTENTIAL TOOLS MISS THE SEPARATION

Classical elliptical potential lemma But diffuse priors mean small precision

If Ve=XM+> _,usul, A>1, and [lu]|, <1,  Posterior precision is

then
det V- 1 , -
> lluelly < 2log — T V=551 +02 3 AAL
t<T t det VO o
Abeille-Lazaric (2017), Proposition 2. Hence

Used to control Yo large = Vo = T, ! small.
Al

cumulative posterior uncertainty along chosen A lemma that separates:
actions.

m long-run information accumulation;

m initial small-precision cost.
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KeEYy TooL: GENERALIZED ELLIPTICAL POTENTIAL LEMMA

Simplified lemma

If Vi1 = Vi + uew, [Jue]l, <1, Vo =0, and p € [0, 1], then

det V1 2 _ _
S hu £ 7 (los Gy ) TG T,
t<T

small initial precision
volume growth

Log-det term

Gives the |Ong_run Contribution: G|Ves the pI’iOI’ burn-in contribution:

odV'T. dry/Tr(Xo).
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LowER BoOuND: THE BURN-IN TERM IS REAL

Theorem 6: prior-sensitive cost Theorem 6: noise-limited cost

If 72 > ... > 72 are eigenvalues of ¥, then any ~For any policy, there is also a noise-limited
policy suffers lower bound

d Regp(T) z odVT — prior correction.

Example: |Sotrop|c prior The upper and lower bounds |dent|fy the same
two regimes:

If ¥o = S?/, then burn-in scales as

prior burn-in 4+  noise-limited long run.

Srv/d min{T,d}.

Diffuse priors hurt only through additive
burn-in.
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