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Semantic Memory v.s. Episodic Memory
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Fast Learning v.s. Slow Learning
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Fast Learning v.s. Slow Learning
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Episodic Control
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[Blundell, C. et al. Model-free episodic control. 2016]
[Botvinick et al, “Reinforcement Learning, Fast and Slow”, 2019]
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Deep RL v.s. Episodic Control

= Conventional Deep RL
= Parametric
= Value/Policy Learning
» Slow gradient-based updates of policy or value functions

» Episodic Control (Learning with memory model)
= Non-parametric
» |nstance-based learning
» Rapidly latch onto past successful strategies
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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.
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Associative Memory

V.E),V ={¢(s)|s € M},

FSA I;C = Graph Induced MDP
\ , o
E = {¢(s) = ¢(s)(s,a,s) € M}

= VValue propagation in induced MDP
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Memory Memory Experiences
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Generalizable Episodic Memory
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Generalizable Episodic Memory (GEM)
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Connecting Experiences

= |Implicit planning with memory o 0O
g - vValue

Distribution AAA A

Qo (St+

Tt ift ="1T.

____________

R {Tt + ’}/maX(Rt+1, Q9(8t+1)) ift < T,
t pu—

Generalizable Episodic Memory (GEM)
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Connecting Experiences

= Equivalently, 2(©O)

Qg : Value

Distribution AAA A

Qo (Se+
Tt + ’YRt+1,h—1, Jfh > 0,
Rip = , e
QG(St) alfhzoj -ocoo e G ook

Ry = Ry p»,h™ = argmax Ry p,
h

Generalizable Episodic Memory (GEM)
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Practical Issues

= Qverestimation

= For a set of unbiased, independent estimators Qh =Q,+ep,he{l,.. H}

E lm’?x Qh] > max E[Qn] = max E[Qr]

e.g.
15,p :% 16,p :% max(]E[Ql]J]E[QZ]) = maX(l,l.l) =11
Q1 = 1'Q2 = 1 1 1 1
05,p =5 0.6,p =7 E[max(Q, Q)] =5 X 1.6+ 7 X 15 +7x 06 = 1.325 > 1.1
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Practical Issues

= Double Q-learning
@ = m’?XQ = Qp*, h* = argmax Qy

Q(l) 0.3
Qtar =1t TV mél (St+1, Q)
A 2 * 1
@pouble = Q;(lgz)»h(l) = argmax Q, o ﬂ

= \WWhat double estimator guarantees:

IIE:[Q\Double] = mhaXIE[Qh]
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Twin back-propagation process

Qo (51) Qo(s2)  Qo(s3)  Qo(sa)

51 2 T3 ‘N
A 4 35 3 2
AR 3.8 4 3 2
1V — O _
h{z = argmax P =2 R =V, =35
* 1 2) _ @) _
h(1y = argmax Vh( ) =1 R® = Vha) = 3.8
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Twin back-propagation process

= Twin back-propagation does not overestimate

Theorem 1. Givenlunbiased and independent|estimators Q?l 2) (Stahsapin) = QT (S¢ah, aren) + 6511’2), Equation (7) will

not overestimate the true objective, 1.e.

(1:2) v
Ere [RE2 (s0)] < B [Oghrg;xtlczt,h(st), (12)
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Conservative Estimation

= Clipped Double-Q Learning
Q(s,a) = min{Q,(s, ), Q(s,a)}
= Asymmetric Loss

L(0) = E[(6p)5 + a(—=6,)3]
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Conservative Estimation

= Conservative estimation as expectile

» Quantile: minimizer of quantile regression loss

QR(q; 1, 7) = Ez [ (thysg + (1 — D)14)1Z — q]

= Expectile: minimizer of expectile regression loss

ER(q;p,7) = IE:va,u[(TIlT>q + (1 - T)ILL'SC[)(Z - Q)z]
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Conservative Estimation

= Conservative estimation as expectile

1A
Expectiles Pr{Z > q;}
EE
E0O+0 [ __ L
Ele. -2 |/|"=
EllZ el Quantiles
PT{Z < QT}
Pr{iZ <q;} + Pr{Z > q;}
FZ x . - FZ(QT) =T
I-- >
0 er qr R

[Rowland et al. 2019]
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Convergence Analysis

Theorem 2. Algorithm 3 converge to Q* w.p.1 with the following conditions:

1. The MDP is finite, i.e. |S x A| < 00

[\

.y €10,1)

O8]

. The Q-values are stored in a lookup table

4. ay(s,a) € [0,1], 3, ay(s,a) = 00, >, a?(s,a) < oo

5. The environment is fully deterministic, i.e. P(s'|s,a) = d(s’ = f(s,a)) for some deterministic transition function f

@ Machine Intelligence Group, IlIS, Tsinghua University 23



Practical Issues

= Stochastic Environments
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Practical Issues

= Stochastic Environments

Environment Randomness makes
planning within memory fail

But to what extent?
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Practical Issues

= Stochastic Environments

Definition 4.1. We define )4, (S0, ap) as the maximum
value possible to receive starting from (s, ag), i.e.,

T

Qmam (SOa CLO) = max ) Z vtr(sf: at)

(s1,---,s7),(ar, - ,ar =0
si4+1 € supp(P(-]s;,a;)) -

An MDP is said to be nearly-deterministic with parameter
p,if Vs € S,a € A,

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

where (4 1s a dependency threshold to bound the stochasticity
of environments.
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Practical Issues

= Stochastic Environments
» For a nearly-deterministic environment with factor u, GEM'’s performance

can be bounded by

Vi (s) =V*(s) ——
Y
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Off-Policy Trade-offs

= Off-Policy evaluation for T with behavior u
= Consider a general operator 7' and assume it has a fix point Q
= Concentration rate of the operator
17(Q1 — Q2)lloo
I['(T) = su
Qligz 101 — Q2|

= the variance and bias of the operator
B(T) = [|@ — Q7| V(T) = E,[IITQ — TQII3]
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Off-Policy Trade-offs

= An information-theoretic lower bound [Rowland et al.]:

sup {IB%(T) +JV(T) + 2linax F(T)} > [(M)
MeM 11—y
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Experiments
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Average Episode Return Average Episode Return
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Experiments

= Ablation study for overestimation

Estimation Error: Ant-v2 Performance:Ant-v2
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Experiments

= Ablation study for overestimation

Estimation Error:Humanoid-v2 Performance: Humanoid-v2
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Summary

» Episodic memory-based method offers a way for sample-efficient
learning

= GEM uses a neural network for natural generalization of discrete
memory tables

= TBP reduces overestimation error in planning

= GEM convergences to optimal in deterministic environments and
offers trade-offs in stochastic ones
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Additional Comparison
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Games GEM | EMDQN | MFEC | NEC

Frostbite 3030 596.3 925.1 27474
BattleZone | 34600 | 28300 19053.6 | 13345.5
Zaxxon 8180 7740 6288.1 | 10082.4

Table 1: Comparison with existing episodic-memory meth-
ods at 10M frames.
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