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Episodic Control

= Learning
EM B R, if (s.0) ¢ EM,
Q" (s,a) = { max {R, Q¥M (s, a)}, otherwise. N
: .
= Execution
£ A
1< | \
QEM(S,G) K ZlQ(S“a) if (s,a) ¢ QEM’
1= J_ J_
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Flaws of vanilla episodic control

= No planning » Not generalizable
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No man ever steps in the same river twice.
Heraclitus
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Generalizable Episodic Memory

Learn by memorizing discrete tables

‘C(Qg) — E(st,at,Rt)NM(QO(St’ a't) - Rt)z'
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Implicit Planning with Memory

ry +ymax(Ri41, Qo(si+1,a141)) ift < T,
Rt - .
ry ift=T,

_ Qo(Se41,m(S¢41))
Equivalently, ros

re +YVigin—1  ifh >0,
Vih = .
QQ(St,(It) if h = 0,

Ry = Vip=, h" = argmaxV; ,
h>0
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Practical Issues: Overestimation

= For a set of unbiased, independent estimators Q, = Qp, + €, h €
{1,...,H},

E lmﬁlx Qh] > max E[Qn] = max E[Q,],

* This can be derived directly from Jensen’s Inequality.
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Twin back-propagation process

Qo(51) Qo(sz)  Qo(s3)  Qg(sa)

" 2 3 Ty
AR 4 3.5 3 2
AR 3.8 4 3 2
1) _ @ _
h(z) = argmax Vh(z) =2 R = th‘z) =35
* 1 2) _ @) _
h(1y = argmax Vh( ) =1 R® = Vh?l) = 3.8
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Generalizable Episodic Memory

= Practical Issues: Stochastic Environments
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Generalizable Episodic Memory

= Practical Issues: Stochastic Environments

Environment Randomness makes planning
fail!

But to what extent?
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Generalizable Episodic Memory

= Practical Issues: Stochastic Environments

Definition 4.1. We define Q4. (S0, ap) as the maximum
value possible to receive starting from (g, ag), i.e.,

74
Y st,at

MH

(s1,++ ,87), (a1, -

sit1 € supp(P(:|s;, n) t=0

An MDP is said to be nearly-deterministic with parameter
u,ifVs € S,a € A,

Qmaz(s,a) < Q*(s,a) + p

where 4 is a dependency threshold to bound the stochasticity
of environments.
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Experiments
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Experiments
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Experiments

= Reducing overestimation

oo Estimation Error:Ant-v2 Performance: Ant-v2
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sSummary
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Thanks!

" 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
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