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Experience Replay
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⚫ eliminate circular dependencies
⚫ higher data efficiency
⚫ better data distribution (i.i.d)



Non-uniform Experience Repaly
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⚫ Key Idea: RL agent can learn more effectively from some transitions than from others

⚫ Any loss function evaluated with non-uniformly sampled data can be transformed

into another uniformly sampled loss function with the same expected gradien

importance sampling ratio

Fujimoto S, Meger D, Precup D. An equivalence between loss functions and non-uniform sampling in experience replay[J]. Advances in neural information 
processing systems, 2020, 33: 14219-14230.



Non-uniform Experience Repaly

4/27



Non-uniform Experience Repaly
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PER
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the priority of transition i

between uniform sampling and 
greedy sampling

power-law distribution with 
exponent α (more robust)

annealing to 1

for stability reasons



LFIW
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Bellman equation

Bellman operator

loss for Q-network

replay buffer Tend to

introduce prioritization

sampling distribution (buffer distribution)

objective

select a favorable priority distribution



LFIW
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⚫ Estimate the density ratio only rely on samples (e.g. from the replay buffer)

⚫ Two types of repaly buffer
⚫ smaller (faster) replay buffer
⚫ regular (slow) replay buffer

f -divergences

bigger size, more off-policiness

smaller size, more on-policiness



LFIW

9/27

⚫ Estimate the density ratio via minimizing the follow objective over network

the outputs                     are forced to be non-negative via activation functions

⚫ self normalization with temperature hyperparameter T

⚫ The final objective for TD learning over Q is then

estimate via MC



DisCor
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can be a wrong target precise target

function approximator make things worse



DisCor
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⚫ leaf state:  rarely visit, provide incorrect TD target

⚫ root state: frequently visit, fit to incorrect target

⚫ state with similar features affect each orther



DisCor
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densities                are unknown



DisCor
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lower bound



Non-uniform Experience Repaly
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Bad case
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Preliminaries
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⚫ Expect return of policy

⚫ Optimal policy

⚫ Regret：the expected loss in return by following policy π instead of the optimal 
policy

⚫ Boltzmann exploration policy



Formalize the problem
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data distribution of the replay buffer



Analyze computationally
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DisCor



ReMERN
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ReMERT
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⚫ Estimate the upper bound of                    by temporal Structure

projection error error accumulate through the MDP



ReMERT
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ReMERT
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Experiments
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Deterministic env (MoJoCo & DMC)



Experiments
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MoJoCo with noisy reward



Experiments
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Meta-World with high randomness



The End
thanks


