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Fe A5}, A5y Auls 2R Hopo] o|27]7hA Ey B NEAse £dve e ahte) Ao wdd
A e gty A w 7|Ee A= BeEse A ot wpeba] ol g} 7LL = TtH dEe AL e =
- . - - S olulAl ¥ A1 = x _O_ AR=S
(state), 3% (action), A 3 (policy) %% 25 dE g2 & Akt S b e etk
Edsts  gRsaozd, ded  Ade Ay RRL Agent
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. - = o bot), i I .
49 224 (domain knowledge)S 35l EIHo= &4 I <ol il rcrend i DO
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predicate) 7]19+¢] =#]2](logic expression) oz F 3+ OHL:’;i;;:{;:re;:ta;:;]
NLM(Neural LOgiC Machine)[l], RDRL(Relational Deep Rulel: move(X, ¥) :- isLocation(¥), not robotAt{X, ¥),
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w(Z, X), goal_on{Y)
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3t 5] Y YL R o ?F 1= o B
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Programming)[5] 13 & A&gozy, Zstes Zyd
Q= AA o el £+ g<i(end-to-end training)°] 7}
oo} H-71% el 948 943 A4 deoldH, agx

29 Aol AF%E A spsetths gAol Ak webA
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t}ok3l 28 ;.‘:_'—Ol:rﬂ]/ﬂ g 7]_14/q o] UH—OF 1\51—/*'_' <1% Environment
1>% dNL-RRL UAY Aeets Zedgaels xdE <a¥ 1> BAEY Asetge A
F A& A A2 (background knowledge), & el (state), _ ) e
3]_/\5114 gg% ﬂiﬂ(action policy) _/] Oﬂ/\]a ]/}_E],LHT;]_ —1\% = ]/‘1%_ i]\'.zjl?_ %ﬁ]%‘ %ﬂ,ﬁg— ifiﬂ%]-ﬂﬂ?l
<78 1> B =Ro|A] fREs g mofol Az TA dNL-RRL= 7|22 &% Wl =7F 23] Aojs 913 3
glﬂoﬂ/q EaEs $48 wule 2o g% AAS ?51— T AA Fg5s FIdSgoH, gF9 184 FFE Hel
w3t 8 HoFEth <ad® 1> oA E'/_\‘OL AIZF H7Hhuman expert)®] AR G A A (prior
dNL*RRLTJr 2o pAY Baiets Ty domain know ledge):j: g8t WotES AlRbgTh #A
72 A7 Wests AHs 2% =g A <atogic g Asjsts ZUd gel s chkd WHow elge
4 AAS 8T F Uk B =EdAE (1) FEst
= B oAgE @E%ﬂﬂgﬁéﬂ%fﬂ ADoE ARFALE 7 24 3t ZF s gt E(action rule)oll BFEA] E Sl ofof
S/ EALR ] R YPS o} F=3Pd A ‘TL]-X{](—‘%’—E]——?—E_O]] A4 3]—71:— /\o]'EH }_Zﬂ_{j_(nc]uded COI’]dlthl’lS)J’]' H]—‘:A] HZ]E]Oi
g oA4E 2R om 2RI Ad AR e AL oF dhi= g Hl 2 E(excluded conditions)& 7 2] &
2020—-0-00096) 4t} Z= owka (2) Sgeltaat st A% {_'Lzhi_/] gr=
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2] AYaFE= WA (predefined rules) 59 2 7FA AMA
4o A2 g8 WHES Alctsh CopelhaSlm RN
EHolHE TdT /e T BF ﬂﬂur ° g wu}
d 2EES o] &3 Y HIES T, B Ev‘:'_—oﬂ’ﬂ Al
otat= 99 X2 7|uke] #AY ﬂi}@% e sy

*é% RS Eﬂr L Aol AukA (generality), 34 71
) & 3

E)
»
=

2 A 949 R4 7b dAY BEsE
21 #AF 2 ZddH=a

B =FoMe i #AY Fistg ZgdYgad
ANL-RRLS 7122, AP 99 X2 &8 %
gttl. dANL-RRL #4138 A3ss Zdd4
2>9} 2ol & F A4 7} (actor-critic) T+
T2k actor)E® FAoNA AE HoHES
AAE A FHES SHr(policy learning)shal, o]
st5E s AR Ed wel FE(policy mference)oi
A owl £ ool HETE Aol & dE& AA(action
decision)dl= SgS F33o) ‘ﬂiﬁ"ﬂ, H] 34 2} (critic) &
48 dolH et BA(reward)S EWE 3T 71A 3¢ Q

O

= ‘Z (value function learning)3d}il, ©]& EEHE EBEZ}
7t AR ATES HUtHFoEZA, e 2&EH
AAL AFA Al S 5s FE 98S 33?'%5}.
dNL-RRL Agent
Critic =
State-Action Value Accumulator
Qis.a)=R+yV(s")
state :
Acto

Japoaug ai1elg
o
Japosaq uoioy
T
T
1

dNLALP 7l 19) ol (8) -

Environment b
action

<9 2> #AE Ashets Zedeae] 7=

A, A sty dF AHS Fd9steE dsAE o
A el 9l 51t (state encoder), P& 7}53 FE-24 7
wA =g T2y d X (differentiable  Neural-Logic
Inductive Logic Programming, dNL ILP) Ps5 =AY
(action decoder)E= TFAETH ZH dide FHFoZH
B #= o] E (observation) & O‘EHLO}, g 23 el (state)
oA wEwE =g A EAES(logic predicates) S A TH
o274 sty AHE dal-<o =g (first-order logic) ¥
HZ 3d3te 988 g3dsr. v s w2-24
A =g Zeagd AddNLILP)L = A%
ZIqke]l Al wd P oldel Adst dFo]| A HriAt
(critic)d] 7}x H7HE EOZ dF5 (A ES gFH]
3ta, st AE FHES EUE n 9o A
(n-step forward chaining)S E3] t}2o] 233t 35
AAsH7 = st} A5 tat s Aol AAdd et
e 35S *a”ﬂ 37 QoA HdE Al o]
o] gste gy I\, gR-24 AGH =g =
a8 AR (ANL-ILP)o A= e dxp-%ofi=¢] 4
9] 3 %+ (Disjunctive Normal Form, DN
sto] &gt webA 3ol dls AEF(action hea

o T [t ol ot o rtt b1

H
2

9} o8] Adl ZHE(state conditions)® T4
P& FHE BF F9 & AT+ DNFoZ gHstr),
2oL o]t Aol ¥ F EFF(DNF) =24& =
# (logical conjunction, o AZFES =8 Fogical
disjunction, Fpp) AFEZ 749 st A+

2 gFog meEtA g FHES =gy AS =g
g AFER Y Uy dAGoR g5F3r] A,
WA ese = Ao pAS el
Eﬁ(pohcy rule template)S 878tk <1¥ 3>2 dF
move(X, Y)ol &gt AsF 73 A HAEHS AAsta
At o] FEF 40}‘34 7t Y EAL A P 2AE
-(head) 9} ”EH A5 (body)2 A5, 2o A5

T YAl move FF A= AH(action predicate)2} 2712 <1
AER FAHL A FH(kind)E X9k Yolrl T It
2] o] Z7H-= robotAt, on, isLocation, isRobot &2 *F
B A & 2} (state predlcate)‘:ol AHEE F gler, TR}
X, Y, Z¢l 3 7N ¥WS=(variable) 5 & 4_@%‘ T Ut
A oleie qa A4 ol wel <og 3>9 s
o FAE yF move(X, Y)Oﬂ B 95 fHol e
F elt}
AR .
headofrule _ _ _ _ bodyofrule _ _
‘ i \‘ F 1!:52 negative flag= = Ture s
action state
1 predicate arity I I predicate variable :
] 11
robotAt, on) N=3 1
: Tcnre: :+: |sLoac‘l|on, X 1
i 1 |
\ s !

Rule : move(X, Y) ;- robotAt{X, ¥), on(Z, ¥), isLocation(Y), isRobot{X),
not robotAt(X, Y), not on(Z, ¥}, not isLoaction(Y), not isRobot(X)
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initial rule
mowe(X, Y] -

.

move policy rule constraint

included predicate excluded predicate
not robotAt(X, ¥) robotat(X, ¥}, not isLocation(Y),
; not isRobot(X)

constrained rule

mowe(X, ¥) - 512 rehatAnX, ¥ [G 11Jon(Z, ¥), [0.11]isLoaction(Y),
[G.lz]isRubot[X] [1 OO]not I:HJtAt:K, ¥), [0:11]not onlZ, Y},

i Adinet isloaeioniyy 0 12 notin Babotd

<1%4>%%%ﬁaiﬁxwwlﬂﬂ
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. 72 231 Agd = F /A
. AAE 2738 X3 A 9F(condition inclusion
gi ﬁb’dgq }_Zjlﬂroﬂ H]—E}\] Ex4 /\1—
=l Z:ﬂ’i‘l(stdte condition)5& TdFE2 = Xﬂ‘%k"]@r.
EA4= Z7A wjAl A 2F(condition excluswn constraint) &
2A, AF A A A B AH 2AAES
2gEA FrE wAst= Ackoltt. <O¥ 4>= dE
move(X, Y)& & s 3 shgol =1 23 Ay
z71 wjA AkSE AHLsE dF BHAFH Ut <2
4>9] Aol = <I® 3> Zo] 3 A HET o
g AAE BF movelX, V) %7 % 7 (initial
action rule)S YeERH, o7 =A F3F Ak not
robotAt(X, Y)&F =7 wlAl A eFE<l robotAt(X, Y), not
isLocation(Y), not isRobot(X) &°] &% o] <219 4>9
sty o] AA¥ F 1F 2 (constrained action rule)©]

RN
23 Atd AoE AF FH @

o

o1 7k 7‘4—57}«1 AP 9 A As &8 AAY e
& =Y =9 dNL- RRL«] g S8A8S TN F
U E OE WHE oln] & dHA v dF AT 47
A5 R E Zéi—‘i ghgo] BAXOZ Ay 7] o]
ug AFsh= Yot oAE E9, <a¥ 1> e
TH U 258 EH} d ZHEe dqF G move, carry,
load, unload, returnRack 5 % 57FA 35 ZZ o] #3
THEZ FAET oA o] 2 A9 X% dF
AAL F531EW o] 574 dF dE FHES EF g
Falok st} AR o] FAE F ov F dHA A=
RAEo] EAsU, ol E7HA A —rE1 she -”37} oi
o] Tt AFEdd #S AF F shFo]l AlFET] A
v sl AYE FAHsE B 737 Aol EIAAE
T A Aolh. 47, -r]—4 57H4] s T AR 99
A2Ss ERE F loadX, Y, 2)o #3 AF 73S
load(X, Y, Z):- isRobot(X), isLocation(Y), isBox(Z),

robotAt(X Y), on(Z, Y)o} #o] g A& 4 9t}
W gFe UMA 4714 s sl #I AE FER e
'a o9} o] Alde] Gy qF
2 (predefined action rule)E< Z-&3tvpd %ﬁﬂ
[e]

:I,_'L

- A 3 3
5 THAEAR Fags JTForA Ps AHS ol
H

5

=

Sl aane A% 498 2 Aok 4 glev,
o Aagel it HF AN F5HE Egol
otk
dNL-ILP Engine
wr — =
f (=]
D p— =
—
o S =t
(=) F o [1°]
[=] —( =]
o et [=]
) o
- s 2

I predefined action rules I

<2y 5> A 4R B9 FHEY B8

AbAe] AolE P FHEL TFHES B £5H= U
w2 gE ﬁ%‘%ﬂr a7 EgdHoz e HE AM
(policy) & #A3ste], 4= A gxd & de 289
Y5 AAsIEY o] LR <17 5>E o|9} o] AbH
of Fod AT FHEY F5H AT FHEC wE-=
A Ay =g Z2ag dF(ANL-ILP) oA 3
T AAd ol&HE AL yehnh

B oERdA Ae: BAR Aastsel Ad o
A4 #e el 532 3712 98, CopelliaSim =
ANEANEE o83 <18 653 2 ¥4 U &%

S ¥ Ad S3A4 S FE3 . Zekd

o] AAAQ QA4 g Aol = Z] TEE
A 8t= PM(Perception Manager), CM(Context Manager),
TM(Task Manager), AM(Action Manager) &% 39
@*]7& HAIR] 71dke] A5 Agol o] T o] BE
T PM2 g4 omiE Q4 HAWE FHE539 CMAA
X*”C*" CM< 04 qu‘icvo“ e o 2 AH ANeExtE
2 744 =93 g BAE st TMol A Agsh
t} o] AE BEAIS EUE TMS #AE #3sts =i
A=7t gk s Ao o] Had PSS AAE
o AMolAl Agt, AM2 39 2489 &S 374 U
oA HAAZ APgsts &S Yo} 53] B =Tl

F= BAY Ascts ZYdeas 2R AARE 3
T AAS FEstE TM UlFoA ol &Hth

o,
ol
>~

A FE vl Al= Al _?.]oﬂ 2

N S =
JE) 24 on(box, locl), robotAt(robot, loc3)2} #eo] 3%
i, 53 dEHE AE was Zdolo] MER AL
2R r FH -?*]5‘]1?: HAs= 24 on(box,
loc2), robotAt(robot, loc3)9} #o] wo] =g Aoz X
EJ‘jr. #AAY ZseEF ZEddae gFS 8 HAsg

& 31 2] F(optimizer) Adam OptimizerE A3 0.
8l & (learning rate)< 0,02, B3 719 #7H&(4)2 092
ngo}Oﬂr/]. AAE #AIes ZHdYas F51 As
29 u < Geforce RTX 1080ti GPU, 128GB RAM O}E‘?ﬂ

Co e, e ol

o] 374, Ubuntu 18.04, Python 3.6, Tensorflow 1.15%] 4
EE%] 7oA =3
32 8% #7449

2 WA A qF 7 23 Agew FHHEE AL
A gy AAo] sk AT mXE THE EAE7]
gt Agolt). o] AFAE (1) AF 17 F7 A ko]
LA e Z$-(no constraint), (2) Z7A wjA]l A o]
A8% 7 9(excluded constraint) (load®} unload®] &
T2 ZZAF mountedBy 2} 15Rack ZAES 9A), 3)

X

Z7 ¥3F Akl HEgH $-(included constraint)
(move®} carryel AT T3 i?ﬂl‘i—oﬂ% not robotAt(X,
Y) 3%, load, unload, retrunRack®] & 2 ZHH
Oﬂ‘_ robotAt(X, Y) Z271& Ht=A] ¥3) 5 F 3714 A

2 08 A¢ES sttt of AdoA e F 100 o7
Aro A Y AFES AT IAEE ALYt Ad
Ay <29 7>JJr ragsy
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1.0 1 T

0.8 - 1 3
& |
Z 0.6 prm
%] aliz= B
]
< 0.4
2

0.2 no constraint

— excluded
0.0 4 included
(0] 2000 4000 5000 2000 10000
episodes
<R 7> FH 24 Aokl wE A

<y 7>OA B ARl A% A 27 Aol A&
¥ Ag-Ee] 28A &2 A v o wme ds I
< Bk 53 2 A¥dAE 23 uiA Aoks A&
Aol vl =1 X3 Aoks A& AUt o wmE A
T NS BHAT & AE d9dAe @ES gt A
AEe 35 FHE EZad 2HE] Ho] xdHXA
kolrl ¥l Ayl YeEpd Aem e <2y 7>9
Ay A¥E EdE, B =R A|etd nie} Zo] dqF
A 2d Ao R FoXE Ak FF Ao #AHY
Zdedtsed e 24 A9 AeES A=
2 237 des AT 5 dATH

oA AES AMd AHod de THEER AdEE
AP 49 A Aol gy AT mAe ZYE B4
sk Aol o] A= (1) A AHod d5 73
< 834 &= A5 rule), 2) AFH 7@0 H carry ¥
T Es g8shke 49d rule) (3) AFd H# carry,
load &5 F2HE %L%@}‘{— 352 rules), (4) Abd A

load % 455 FEHE A9G
rules) &< Aok F 100 dFir=9 Hy #
2 Agstglon, 49 Ade <

success rate

O rule
1 ruls
2 rules
3 rules

T T T T T
o 2000 4000 8000 3000 10000
episodes

<39 8> A AolE 73 Bge] mE 4

olf

<Oy 8>eA ' F dRel, AMd Ao ERES W
o] ggd4E o H“}% A FES BATE qhdHd, AR
dod FHES FEA e A9 AF FAN 4T
ol =dsly] s eE 7 7 g /\]ﬂ% LTI
ol9} & AFNE EUR, B =FoA Aot3 nie}l o)
A AoE A rE FJER 99 (A4S 8= A
o] #AY Zstslro shy A& ZH AFTE T
EEE 5 U95S 0T 5 A

A i Ade AAY Fates ﬁﬂﬂc” AaE B3 T
FHE 3% AN A 75 A (interpretability) 3 o H}
A (generality)S Eela B 7] ¢ Aoy #AAY 7L§]r
gy T dYart 58 Eutd 2R S & a3
T A < 1> 2o ggd de FHES =g A
52 Fd8H ] ou] A o] FolstH, (" 1) 7]
=¥ Az dEvtel o8 AoH dF fHAEY =& d
A4S Bt TS dAE F3gs ZHIdHaE F
3 SEE g A AWk S FAdnr] fe A
H4S FYsAT. o] APolAE dF AY TH5S A%
A5 27 s e HEE A5 27 4
BES 71gskar, o9 o] 454 2] (training task)
E9E & "HAE 2 (test task) S0 i3k 5 B
o zZd AFTES vusudr. 58 FAAE 27

’JH (initial state) = <3 2)¢} o] 22X x7] 9% X
FEE (2.8, 3.2] WY SellM, v HEE (1.8, 2.2] ¥
2 kol A 27 deje] AfFhom Ausie] At
a3 (E DI} e FF AAYEo] g5H FToE, yF
Aol As HEEE 3 I58 FHdE9 2E 27
A= T2 MY 2E %27 AAES nﬂi ) s}

o BHl2E ZAATE (test set-1, 2, 3, S 243t}
<& 1> o5¥ dE tHS
head of rule

body of rule

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

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

load(X, Y, Z2) not goal_on(Y), not loadedBy(Z, X),

robotAt(X, Y)

loadedBy(Z, X), not on(Z, Y),
goal_on(Y), isLocation(Y)
loadedBy(Z, X), not robotat(X, Y),
goal_on(Y), isLocation(Y)
robotAt(X. Y), mountedBy(Z, X),

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

unload(X, Y, Z)

carry(X, Y, Z)

returnRack(X, Y, Z)

<E 2> A dukgd Ay Ayt
initial state success
robot location X-axis Y -axis rate
train set [2.8, 3.2] [1.8, 2.21] 1.00
test set-1 [1.5, 4.5] [0.5, 3.5] 0.53
test set-2 (1.0, 5.0] [0, 4.0] 0.27
test set-3 [0.5, 5.5] [-0.5, 4.5] 0.17
test set-4 [4.0, 8.0] [3.0, 7.0] 0.00
<4 2>o] gé J/]_E /\]-_l;"y_u:] 3]_/\% 75]'0’]_‘,‘,] _?_
7] 949X 593 2 E(train set)oll A= shs5E &
T AL 100%9 A4 ATES YY1y y HAE
AATE] 27 Hi]J HA7E sh58 APdEY 271 4
2] W9)ete] Aol7t ARFEH, X“ﬁ “ TEX JAA Yol
= A3E Hola 9t} A test set-13 test set-29F
2ol 58 AYEHRE ¥wd  Aolrt v HE
AFE] Afolx 42 53%, 27% Ao Y HATdES
RAFIT ol A48 ZAyE BEUlE, #AEY Al
zydHgas E3 sHde EE ) l"‘o ANk &
gJE £ U

T 9% A% 49 Ree rasgon,
P42 el A ARAe] Ad @ X4
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