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Background

» Offline RL is promising for practical applications since it does not
require interactions with real-world environments.

» Existing methods focus on environments with continuous or small
discrete action spaces.

»To address the issue of overestimating the values of

out-of -distribution (0.0.d.) actions, they usually constrain the
learned policy to stay close to the data-generating policies



Background

» However, the performance of these algorithms decreases drastically
with the size of action space increasing. Two major reasons:

1. The value function hardly generalizes over the entire action
space without proper action representations.

2. Logged state-action pairs are extremely sparse to the entire
state-action space, resulting in overly restrictive policies.



Background

» Online RL benefits from using action representations to exploit
underlying structures of large action spaces.

»They fail to learn reasonable relative distances between actions, so they
cause Inappropriate behavioral regularizations of offline RL algorithmes.
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Overview

» A framework for incorporating action represenations into offline RL.
» A pseudometric function for measuring relations between actions.
» A relation network architecture for learning action representations.

» Theoretical analysis.



Overall Framework
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Incorporating Action Representations into Offline RL



Pseudometric Function for Measuring Relations
between Actions

»We expect that the learned action representations’ relative
distances reflect two major relations between actions:

1. The behavioral relation (reflects the difference between the induced
transitions and rewards)

d(ai, aj|s) = [Rg* — RS |+ - Wa(Pg*, Pg?)
2. The data-distributional relation (reflects whether actions are in the
same distribution of the experience dataset)

d(a;,aj|s) =|Rg* — Re7| + v - Wa(Pg*, Pg?)
+Hp '[Iﬁ(ai,aj|8)J

Penalty coefficient equals 1 if two actions are from the same distribution,
otherwise, it equals O.




Learning Pseudometric-based Action Representations
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The architecture of pseudometric-based action representation learning

T(8) = By oy i payoos (Il = Xl — dlas, as]5))
where
d(as, a;]s) =R — R(s,e))]
+v - Wa(P(|s,eL), P(|s,e)))
+p-I5(asls)



the value function of the policy would be Lipschitz continuous

Theoretical Analysis

Theorem 4.3 ()™ is Lipschiz with respect to d). Given a
policy 7, let Q™ be the value function for a given discount
factor v. Q™ is Lipschitz continuous with respect to d with
a Lipschitz constant ﬁ

1
Q7(s) = Q(s,))| < {——d(asagls)  ®

in the action representation space.

1.
2.

brings an effective generalization capability
reduces the estimation errors of 0.0.d. actions

Theorem 4.4 (Performance bound in offline RL). Let
7 (e|s) be the policy obtained by CQL performing with
MERLION in the constructed MDP M and =} ,(als) refer
to the overall policy when 7} (e|s) is used together with
nearest lookup function g. Let J(m, M) refer to the ex-
pected return of w in M and ¢(a; s) is the MERLION ac-
tion encoder, which has a learning error €. Let Tg refer
to the behavioral policy generating D and 7a(e|s) = e =
#(a;s),a ~ wg(a|s).Then, J(n} ,,M) > J(mg, M) — k
where

k=0 (ﬁﬁzs RS [\/|8|DCQL(7TZ,7T5)(S) +1

a 6+2 Rmax
- 122E,olDoou(e m)(s)] +

’Lg’

)

1 —y s~ d i
®)
This bound suggests that the lower bound over the
performance of the learned overall policy depends on three
factors:
1. The divergence between the learned policy and the
behavioral policy Degr (7}, 7s)(s)
2. The number of the projected latent actions |5|
3. The learning error of action encoder €,



Experimental Results
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Comparing MERLION equipped with BCQ and CQL against directly training offline RL algorithms (Discrete BCQ,
Discrete CQL, and BC) on the original action spaces in 4 environments with large action spaces.
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Maze Multi-step maze Recommendation system Dialogue system
100_] ______ . PR T ey o 1001; — 4 e 4 o e =peem e I | | | | \
| | f‘ S =100} 1 ke | |
i i i £ 1007 ' 0.6} ————
75 ._| ....... il S Ee——— s — £ 5
g ______ = o 80t i %
JEJ BOH— A Rl s i & % g ; 0.4
o o o » v
z 251 =t © O
' < 2 40 0.2
of+ ‘ : 3
| 1 l = 20— = BF : 1
| | | ‘ ‘ ‘ l l l : A _..,.l,,,.;A . ‘ —
0 20000 40000 0 20000 40000 0 20000 40000 0 20000 40000
Gradient steps Gradient steps Gradient steps Gradient steps

== MERLION -—- Rand-1 - Rand-2 - Transition -— Reconstruction =-— External =— PLAS == Behavioral

Comparing the performance of MERLION against other widely used action representations



Avg. return
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We consider MERLION with different penalty distances, removing the penalty distance from the learning objective
(MERLION w/o p), and removing the distance learning objective from the learning procedure (CVAE).
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