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Today:

Regret bound for the UCBVI algorithm for Linear MDP and its proof sketch 



Outline:

1. Model fitting and its guarantee  for some fixed ( ̂P( . |s, a) − P( . |s, a))⊤V, V

2. Covering argument to bound , for ALL ( ̂P( . |s, a) − P( . |s, a))⊤V V ∈ ℱ

3. UCBVI revisit and its guarantee
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Consider a fixed function , we can bound:
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1. Model learning: summary

( ̂P n
h( ⋅ |s, a) − Ph( ⋅ |s, a)) ⋅ V = Õ (H d + H ln(1/δ)) ϕ(s, a)

(Λn
h)−1

Lemma [Model Average Error under a fixed ]: 
V

Q: Can we get a uniform convergence argument for a function class ? ℱ
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This will be our bonus term

, fw,β,Λ : fw,β,Λ(s) := min {max
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Summary of Covering Argument

Covering allows us to build a uniform convergence result (i.e., ) 
over a infinite hypothesis class


(Intuitively, log of covering number scales w.r.t to the # of parameters)

∀f ∈ ℱ
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4. Execute  for H stepsπn+1



Regret bound for UCBVI in linear MDP

𝔼 [
N

∑
n=1

(V⋆ − Vπn)] ≤ Õ (H2d1.5 N)

No S or A polynomial dependence!
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i.e.,  will visit places where the current bonus is non-trivial, namely explore!πn

Since we live in a -dim space, eventually we will explore all possible directions.d


