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ABSTRACT

Recently, reinforcement learning combined with deep neural network technology has achieved remarkable success in various fields
such as board games such as Go and chess, computer games such as Atari and StartCraft, and robot object manipulation tasks. However,
such deep reinforcement learning describes states, actions, and policies in vector representation. Therefore, the existing deep reinforcement
learning has some limitations in generality and interpretability of the learned policy, and it is difficult to effectively incorporate domain
knowledge into policy learning. On the other hand, dNL-RRL, a new relational reinforcement learning framework proposed to solve these
problems, uses a kind of vector representation for sensor input data and lower-level motion control as in the existing deep reinforcement
learning. However, for states, actions, and learned policies, It uses a relational representation with logic predicates and rules. In this
paper, we present dNL-RRL-based policy learning for transportation mobile robots in a manufacturing environment. In particular, this
study proposes a effective method to utilize the prior domain knowledge of human experts to improve the efficiency of relational
reinforcement learning. Through various experiments, we demonstrate the performance improvement of the relational reinforcement
learning by using domain knowledge as proposed in this paper.
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RRL Agent

Background Knowledge Representation
isRobot(robot), isLoaction{locl),
isLocation(loc2), isLoaction(loc3), isBox(box),
isRack(rack), goal_on(loc2)

State Representation
on(box, loc2), robotAt(robet, locl)

Policy Representation
Rulel: move(X, ¥) :- isLocation(Y), not robotAt(X, Y),
isRobot(X)
Rule2: carry(X, Y, Z):- isRobot(X), isLocation(Y), isBox(Z),
loadedBy(Z, ¥), not robotaAt(X, ¥}, goal_on(Y)
Rule 3: load(X, Y, Z): - isRobot(X), isLocation(Y), isBox(Z),
on(Z, ), not leadedBy(Z, X), not goal_on(Y)
Rule 4: unload(X, Y, Z) :- isRobot(X), isLocation(Y), isBox(Z),
loadedBy(Z, X), goal_on(Y)
Rule 5: retrunRack{X, ¥, Z) :- isRobot(X], isLocation(Y),
|5Rack|:Z].JreoumedBy|:Z. ¥), not loadedBy(N, )(L

_EiD
[ |

Environment

Observation

Fig. 1. Example of Relational Reinforcement Learning
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Fig. 2. Architecture of dNL-RRL, a Novel Relational
Reinforcement Learning Framework

headofrule _ _ _ _ bodyofrule _ _ _ _ -

d use negative flag=Ture
I action state . I
I predicate predicate variable |
I

| robotAt, on) X N=3 |
| move isLoaction, Kinds =X, Y, 2] |
I isRobot |
\ !

Rule : move(X, Y) :- robotAt(X, Y), on(Z, Y), isLocation(Y), isRobot(X],
not robotAt(X, Y), not on(Z, Y}, not isLoaction(Y), not isRobot(X)

Fig. 3. Example of Action Rule Template

FOASEE 489 I35 AFFoR gi3eitt. 2t =93,
=8F A &Ad A2 AZ(fully connected layer) 22
A=l slow, 7t AF9 A8 9 &9 A7|= AR A9
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P 12 dE3(policy rule template)S R F St}

Fig. 32 &% & moveX, Y)ol ¥ 5 32 4
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Location, is Robot, on 52| 48] A& state predicate)=
ol AH8d 4= 3loH, TRIF X, Y, Z91 37]9] W(vari-
able)5< =3t 4 Qlth. wabA ol=gh 3 B4 HEH
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mo\re[K Y) -

[0.11]not isLoaction(¥), [0.12]not isRobot(X)

move policy rule constraint
included predicate

excluded predicate

robotAt(X, ¥), not isLocation(Y),
not isRobot{X)

constrained rule I\/I

maove(X, ¥) - 1433 redhatARX, ¥, [0.11]on(Z, ¥), [0.11]isLoaction(Y),
[0. 12]|5R0h0t[)<] [1. 00]not rohomtl)( ¥), [D 11]not on(Z, ¥),
LD met nlowoBondvy, {10 nodis ek
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Fig. 4. Example of Rule Condition Constraint
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Table 1. Learned Policy: A Set of Action Rules

Head of Rule Body of Rule

not robotAt (X, Y), not goal_on (Y),
isLocation (Y), not loadedBy (Z, X)

move (X, Y) not on (Z, Y), isLocation (Y), not
loadedBy (Z, X), not robotAt (X, Y),
not goal_on (Y)
isLocation (Y), not goal_on (Y), not
load X, Y, 7) loadedBy (Z, X), robotAt (X, Y),

on (Z, Y)

not on (Z, Y), loadedBy (Z, X),

unload (X, Y, 7) isLocation (Y), goal_on (Y)

not robotat (X, Y), loadedBy (Z, X),

carry X, Y, 7) isLocation (Y), goal_on (Y)

mountedBy (Z, X), robotAt (X. Y),

returnRack (X, Y, 7) not goal_on (Y), not loadedBy (N, X)

Table 2. Analysis of Policy Generality

Initial State SuecEss
Robot Location X-axis Y-axis Rate
train set [2.85, 3.25] [1.85, 2.25] 1.00
test set 1 [1.55, 4.55] [0.55, 3.55] 0.53
test set 2 [1.05, 5.05] [0.05, 4.05] 0.27
test set 3 [0.55, 5.55] [-0.55, 4.55] 0.17
test set 4 [4.05, 8.05] [3.05, 7.05] 0.00
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