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▪ Learning

▪ Execution

Episodic Control
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Flaws of vanilla episodic control

▪ No planning
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No man ever steps in the same river twice.

Heraclitus

▪ Not generalizable
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Generalizable Episodic Memory
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Learn by memorizing discrete tables
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Implicit Planning with Memory

Equivalently,
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𝑹𝒕+𝟏

𝑸𝜽 𝒔𝒕+𝟏, 𝝅 𝒔𝒕+𝟏
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Practical Issues: Overestimation

▪ For a set of unbiased, independent estimators ෨𝑄ℎ = 𝑄ℎ + 𝜖ℎ, ℎ ∈
{1,… , 𝐻},

𝔼 max
ℎ

෨𝑄ℎ ≥ max
ℎ

𝔼 ෨𝑄ℎ = max
ℎ

𝔼 𝑄ℎ ,

▪ This can be derived directly from Jensen’s Inequality.
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𝑟2

Twin back-propagation process
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Generalizable Episodic Memory

▪ Practical Issues: Stochastic Environments
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Generalizable Episodic Memory

▪ Practical Issues: Stochastic Environments
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𝑟 = 2

𝑟 = −2

Environment Randomness makes planning 
fail!

But to what extent?𝑟 = 1
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Experiments
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Experiments
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Experiments

▪ Reducing overestimation
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Summary
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▪ Check out our paper for more details

▪ Code available at https://github.com/MouseHu/GEM

▪ Happy to answer questions by email:

hu-h19@mails.tsinghua.edu.cn chongjie@tsinghua.edu.cn

Thanks!
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