
Exploration in Linear MDPs (Part II)



Recap: Linear MDP Definition

Feature map  is known to the learner! 
(We assume reward is known, i.e.,  is known)

ϕ
θ⋆

Finite horizon time-dependent episodic MDP ℳ = {S, A, H, {r}h, {P}h, s0}

 could be large or even continuous, hence poly(S,A) is not acceptableS & A

Ph(s′ |s, a) = ⟨μ⋆
h (s′ ), ϕ(s, a)⟩ μ⋆

h ∈ S ↦ ℝd, ϕ ∈ S × A ↦ ℝd

r(s, a) = ⟨θ⋆
h , ϕ(s, a)⟩, θ⋆

h ∈ ℝd
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̂μn
h − μ⋆

h = − λμ⋆
h (Λn

h)−1 +
n−1

∑
i=1

ϵi
hϕ(si

h, ai
h)

⊤(Λn
h)−1, ϵi

h = δ(si
h+1) − Ph( ⋅ |si

h, ai
h)
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Q: Can we get a uniform convergence argument for a function class ? ℱ
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Let’s get back to Linear MDPs again! 
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1. Learn transition model  from all previous data{ ̂P n
h}

H−1
h=0

2. Design reward bonus bn
h(s, a) = β ϕ(s, a)(Λn

h)
−1ϕ(s, a)

3. Plan: πn+1 = Value-Iter  ({ ̂P n}h, {rh + bn
h})

, reward bonus upper bounds β = Õ (Hd) ( ̂P n
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h(s) ≥ V⋆

h (s)



3. Prove Optimism

Lemma [Optimism]: with high probability, for all : 

 

n, h, ŝV n
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