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Goal Jumpstart Policies Informed Transfer for RL

Theorem 1. For a distribution of MDPs with R ~ D, Average 
MDP is an optimal fixed policy.

PAC-MDP

(Objective) Minimize the overestimate 

(Our Solution) Initialize with:

Proposed Algortihm: MaxQInit
Approximate                       from n sampled MDPs:

Theorem 3. For a given δ, after n                 sampled MDPs, 
MaxQInit will retain optimism with probability 1 - δ:

Lifelong Reinforcement 
Learning

Objective 1: Find the policy that maximizes the 
expected performance over the distribution:

Sample complexity of many PAC-MDP algorithms depends on the of 
overestimation of the initial value function:

Jumpstart Experiments

Theorem 2. For a distribution of MDPs with R ~ D, the 
performance of Average MDP has a lower bound:

Delayed Q Q-Learning

Transfer Experiments

Understand knowledge transfer in lifelong RL.
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MaxQInit(s, a) := max
M2{M1,...,Mn}

bQM (s, a)
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1. Optimal Fixed Policy 2. Informed Transfer for RL
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repeat: 

1.Sample a task from a 
distribution: M ~ D. 

2.Solve the sampled 
task M.  

Intuition ⇧ R ⇠ D G ⇠ D

Deterministic ⇧d : S 7! A Avg. MDP Avg. V
Stochastic ⇧s : S 7! Pr(A) Avg. MDP Avg. V
Any policy ⇧b : S ⇥ Pr(M ) 7! A Belief MDP Belief MDP
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(Deterministic)

(Stochastic)

(Any policy)

Probability the action is optimal:

Action Prior

⇡prior(a | s) := Pr
M⇠D
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a = argmax
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Average MDP
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Choose optimal action in averaged MDP:

⇡prior
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Qmax(s, a) := max
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M (s, a)
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(Constraint) Do not underestimate:　

Qmax(s, a) := max
M2M

Q⇤
M (s, a)
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8s,a : MaxQInit(s, a) � max
M2M

Q⇤
M (s, a)
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