Episodic Control in Reinforcement Learning



I Why episodic control

O Sample Inefficiency

O Single Learning Model

O Slow Reward Propagation (TD(0))

v’ State Relocation
v’ Learning from Demonstration
v' Self-Imitation

v’ Self-supervised RL
v' Curiosity-Driven RL
v Episodic Control

B Episodic Memory
B Hippocampus in Human Brain

B |Learning Efficiency
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I Methods

Qs | a1 | a2 | a3 | a4t
s1 100 200 —10 32
s2 34 152 1111 54
s3 424 0 132 24

O Tabular RL

O Two key problems in tabular RL
® A large amount of memory consumption

® Lack a way to generalize across similar states.
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O Update

Ry if (53,02) & G,
max { Q% (sy,a), Ry} otherwise,

QEC(St,CLt) N { (1)

where R; is the discounted return received after taking action a; in state s;. Note that (1) is not a
general purpose RL learning update: since the stored value can never decrease, it 1s not suited to
rational action selection in stochastic environments.'

O Action selection

— {% SF L QEC(sW,a) if (s, a) & QEC,

EC s.a) =

(2)

where s(¥), i = 1,..., k are the k states with the smallest distance to state 5.2
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Algorithm 1 Model-Free Episodic Control.

I: for each episode do

2 fort=1,2,3,...,Tdo

3 Receive observation o; from environment.
4 Let s; = ¢(o0;).

5: Estimate return for eaﬂ action a via (2)

6 Let a; = arg max, Q¢ (s¢, a)

7 Take action a;, receive reward 7441

8: end for

0: fort =TT —1,...,1do
10: Update Q" (s, a;) using R, according to (1).
11: end for

12: end for
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Figure 1: EMDQN architecture on a single action.
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TD error

/'
min Z [(Qe(sz‘, a;) — S(si, az‘))2

0
(8i,a:,7i:8i+1E€ED) (6)

+A(Qo(8s,a;) — H(si, az‘))2],

S(ss, as) = re + 7y max Qo(s¢+1,0a’). (3)

Hs;, @) = max Ri(si.as),4 € {1, 2, ..., B}, 4)
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0 Motivation

O Previous work on episodic reinforcement learning neglects the relationship
between states and only stored the experiences as unrelated items.

O Studies in psychology and cognitive neuroscience discover that associative
memory found in hippocampus plays an important role in human activities,
which associates past experiences by remembering relationship between
them.
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O Trajectory "AC" with low reward.
L c O Trajectory "BG" with high reward.

A low low

C low low

’ W B high high

. N B bG G high high

Episodic ~____Associative  Past 0 high high

Figure 1: Comparison of selected poli- A high high

cieg b:ased on episodic memory and as- C low low
sociative memory. An agent starts from

two place A and B to collect two expe- B high high

riences. G high high

0 high high
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Figure 3: Overall framework of ERLAM.

G=(V.E), V=9¢(s), E={s—s"|(s,a,s')is stored in memory}.

(2)



I Methods Qo (6(s),a) « r+ymaxQg((s), ). 3)

CJ"O\.
C/C\./
.

Algorithm 1 Value propagation in Associative
Memory
h: embedded vector of state, h = ¢(s)

Trajectories

G < Sortnodes in graph G by sequential step Key | value
ID t in descending order D?D = e e
: alue Propagation
repeat ° = N ) l
form=1...|G|do ) o
Get current state-action pair (s,a) = |[@/@| O ;
o il
(Sma am) O / C}J ; int
Get successor state embedding s” and ° Iy m o PR
. / 1-. ol
action a using graph g Episodic Memory Associative Memory
Update graph augmented memory us-
ing Eq.[3]
end for

Figure 2: Comparison of episodic memory and as-

until g converges sociative memory.

Lo = Esa,0mp | (r+ 7maxQy(s', a) = Qo(s,a))” + A(Q(6(s), a) = Qu(s.0)°], 4



I Me'l' h o) d S Algorithm 2 ERLAM: Episodic Reinforcement Learning with Associative Memory

D: Replay buffer

G: Graph (Associative memory)

T, : Trajectory length of e-th episode
K: Associate frequency

for Episode numbere =1... E do
fort=1...7,. do
Receive initial observation s; from environment with state embedding h; = ¢(s;)
a; < e-greedy policy baesd on Qg (s, a)
Take action a,, receive reward r; and next state s;4 1
Append (Sta Aty Tty St-i-l) to D
if t mod update_freq == 0 then
Sample training experiences (s, a, r, t) from D
Retrieve Qg (¢(s), a) from associative memory
Update parameter 0 using Eq. 4 M AHEARNMABIRHITNEEF
end if
end for
fort=1T,...1do
R; < ry +’)’Rt+1,ift <T.; R < nr,,ift =1,
Append (hy, at, 74, t, Re) to G if (he,a:) € G
Update Qg using Eq.1 if (h, a¢) € G TTE R #Mepisodef % (s,a) I RFAX
end for fh, ZBE#repisodic memoryAY{E
if e mod K == 0 then
Run Algorithm 1 to update Qg =R —EepisodeF| BB X AR EH RIARME
end if
end for
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Figure 5: Learning curves of ERLAM, EMDQN and DQN on Monster Kong. The top row com-
pares the average scores per episode between all models. The bottom row shows state-action value
estimates by associative memory, episodic memory, and Q networks when running ERLAM. The
black dash line represents the actual discounted state-action values of the best learned policy.
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