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2. Introduction

PDDL [McDermott, 2000]

PDDL

PDDL

( )

:

[Steels, 2008]

[Ren et al., 2015] [Deng et al., 2013] [Mnih et al., 2015;

Graves et al., 2016] (NN)

NN (

)

NN

NN NN

Fig. 1 3x3 (8 )

(LatPlan)

8 (

)

LatPlan 3 : (1) NN State AutoEncoder (SAE)

SAE Gumbel-Softmax[Jang et al., 2017]

Variational AutoEncoder [Kingma and Welling, 2013] (

1-hot ) 2 1-hot

SAE SAE
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1 8

( ) (

) ( )

(2) Action Model Acquisition (AMA) SAE

PDDL (3) PDDL

SAE

LatPlan 8-puzzle, LightsOut,

3.

3.1.

( ) Π = �P,O, I,G,A� P O

I G A

a ∈ A 5-tuple �params , pre, e+, e−, c�
(precondition) O

c c = 1

PDDL [Bacchus, 2000]

Fig. 2 3x3 (8 ) PDDL

Empty(x0, y0)

∧At(x1, y0, panel6)
∧Up(y0, y1)
∧Down(y1, y0)
∧Right(x0, x1)
∧Left(x1, x0) . . .

(empty x0 y0)

(at x1 y0 panel6)

(up y0 y1)

(down y1 y0)

(right x0 x1)

(left x1 x0)... 1

23

45

6

7

8
 

2 3x3 (8 ) PDDL

empty, up, down, left, right, at , xi, yi, panelj

(i ∈ {0..3}, j ∈ {1..8})

2
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When

Empty(x, yold) ∧
at(x, ynew, p) ∧
up(ynew, yold) ;

then

¬Empty(x, yold) ∧
Empty(x, ynew) ∧
¬at(x, ynew, p) ∧
at(x, yold, p)

;; Translates to a PDDL model below:

(:action slide-up ...

:precondition

(and (empty ?x ?y-old)

(at ?x ?y-new ?p) ...)

:effects

(and (not (empty ?x ?y-old))

(empty ?x ?y-new)

(not (at ?x ?y-new ?p))

(at ?x ?y-old ?p)))

1

23

45

6

7

8
 

3 7 PDDL

slide-up

s a t

t = a(s) a s ⊇ pre

t = (s \ e−) ∪ e+ [Bacchus, 2000].

State-of-the-Art

( )

A∗ Greedy Best-First Search . [Helmert

and Domshlak, 2009; Sievers et al., 2012; Helmert et al., 2007; Bonet, 2013; Hoffmann and Nebel, 2001;

Helmert, 2004; Richter et al., 2008] state-of-the-art

[Asai and Fukunaga, 2015]

4.

AI [Cullen and

Bryman, 1988]

Action Model Acqui-

sition (AMA)

PDDL 6 :

(Table 1)

( : ) ( : ) ( : )

(

) PDDL

(Fig. 2)

3
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panel7, x0, y0 . . .

(empty ?x ?y) (up ?y0 ?y1)

empty5 = (empty x2 y1) (6th application)

(slide-up panel7 x0 y1)

eight-puzzle-instance1504, etc.

eight-puzzle, hanoi

1 PDDL 6

4.1. AMA

AMA

ARMS [Yang et al., 2007], LOCM

[Cresswell et al., 2013], Mourão et al. (2012)

Framer [Lindsay et al., 2017] PDDL

Konidaris et al. PDDL semi-MDP (2014) semi-

MDP move interact

x/y

4.2.

(AE)

[Hinton and Salakhutdinov, 2006]

AE (Backpropagation)

5. LatPlan:

LatPlan (Fig. 4) LatPlan 2 1

Tr tri = (prei, posti) ∈ Tr

(i, g) ( )

LatPlan i g

LatPlan 3 1 State Autoencoder (SAE)

( ) SAE Encode

Decode Tr = {prei, posti . . .}
SAE LatPlan Tr (Encode(prei), Encode(posti)) = (si, ti) = tri ∈ Tr

4
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4 State Autoencoder (Sec. 6)

(pre, post)

State Autoencoder

2 , AMA Tr

2 : AMA1 PDDL AMA2 PDDL

AMA1 AMA

SAE

AMA1

AMA1 AMA PDDL

SAE AMA2

AMA AMA2

PDDL PDDL

(A* )

3 (i, g)

(i, g) SAE

SAE

SAE

Decode

( :Fig. 6)

6. SAE as a Gumbel-Softmax VAE

1 1

SAE —

— 2

— Latplan

5
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5 Step 1: KL

State Autoencoder

Latplan SAE

SAE Gumbel-Softmax (GS) [Jang et al., 2017] Variational

Autoencoder [Kingma et al., 2014] (Fig. 5)

Variational Autoencoder (VAE) [Kingma and Welling, 2013]

( : )

VAE reparametrization trick

N(σ, μ) μ+ σN(1, 0)

Gumbel-Softmax (GS) reparametrization trick [Jang et al., 2017]

GS Gumbel-Max [Maddison et al., 2014]

z one-hot D = {a, b, c}
�0, 1, 0� “b” Gumbel-Max π

�.1, .1, .8� Gumbel-Max D π :

zi ≡ [i = argmaxj(gj + log πj) ? 1 : 0] gj Gumbel(0, 1) [Gumbel and Lieblein, 1954]

Gumbel-Softmax argmax softmax

: zi = Softmax((gi + log πi)/τ). τ 0

0 GS Gumbel-Max

Latplan SAE GS

GS (N,M) N

M M = 2 N

SAE :

• b = Encode(r) r Bool b

• r̃ = Decode(b) Bool b r̃

Encode(r) r GS N × 2
N bool Decode(b) bool b b̄ N × 2

0/1

SAE

6
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Denoising AE

[Vincent et al., 2008] AE

7. AMA1: Oracular PDDL Generator

AMA AMA1 PDDL AMA1

AMA

AMA1 (

) SAE

AMA AMA1 SAE

AMA1 Tr PDDL (si, ti) ∈ Tr

ai Bool si ti bj(1 ≤ j ≤ N) 1

(bj-true) 0 (bj-false) si ai

si ti bj 1 0

(and (bj-false) (not (bj-true)))

AMA1 PDDL Fast Downward

[Helmert, 2006] LatPlan

LatPlan

7.1. AMA1

LatPlan + AMA1 Fig. 6-7

MNIST 8-puzzle 8 MNIST [LeCun

et al., 1998] 0

0 8

8 MNIST 8

LatPlan

ToH 4

15 LightsOut

/ +

1

5/16

LatPlan

Twisted LightsOut LightsOut

LatPlan /

7.2.

Fig. 8 SAE SAE Denoising

AE SAE

7

スーパーコンピューティングニュース� Vol.�20,�No.�Special�Issue�1,��2018- 46 -



6 LatPlan + AMA1 MNIST/Mandrill/Spider 8 8

(31 ) LatPlan (Reinefeld

1993) AMA1 LatPlan SAE

LatPlan

8
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7 (1) (2-3) LightsOut Twisted LightsOut

8 SAE : r Decode(Encode(r))

LatPlan

8. AMA2: Action Symbol Grounding

LatPlan + AMA1 1 SAE ↔ 2

LatPlan

AMA1

/ AMA2

AMA2 Action Autoencoder AAE Action Discriminator AD 2

AAE

AD

(Successor states) AMA2

8.1. Action Autoencoder

AMA

s t NN a� |t− a�(s)|
a(s) = t

[Srivastava et al., 2015]

1 NN (1)

(2) (3)

NN

9
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symbolic
bitvector
(36bit)

9 Action Autoencoder.

s
10 AAE

Action Autoencoder(AAE, Fig. 9) AAE

apply(a, s) = t

s AAE s, t t t̃

|t − t̃| AE (1)

Gumbel-Softmax one-hot a (2)

s concatenate s

128 7 s t

AE

AAE t a s :

• Action(t, s) = a t a

• Apply(a, s) = t̃ a s t̃

(128)

LatPlan

AAE 2N

8.2. Action Discriminator

AAE ( )

3

Fig. 10. Action Discriminator (AD,

Fig. 11)

s, t

10
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Sigmoid
[0, 1]  R

Action Discriminator

11 Action Discriminator.

AMA2 PU-Learning [Elkan and Noto, 2008]

Tr

( ) AAE

8.3. AMA2

AMA2 PDDL PDDL

AAE AD A*[Hart et al., 1968]

AAE ( ) AD :

Succ(s) = {t = apply(a, s) | a ∈ {0 . . . 127},
∧AD(s, t) ≥ 0.5}

bit Succ A* goal-count

heuristic ( bit ) Goal-count heuristics

AMA2

8.4.

AAE

8 mnist mandrill spider LightsOut + Twisted

200

200 100 7

14 3

8

Table 2 LatPlan

(

)

11
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domain A:step=7 B:step=14 AD error (in %)

std G s/p std G s/p type1 type2

MNIST 72 64 64 6 4 3 1.55 6.15

Mandrill 100 100 100 9 14 14 1.10 2.93

Spider 94 99 98 29 36 38 1.22 4.97

L. Out 100 99 100 59 60 51 0.03 1.64

Twisted 96 65 98 75 68 72 0.02 1.82

2 AMA2: ( ) 3 / G(aussian) / (s/p)

7 A LatPlan

14 ( ) AD

type-1/2 (%): (type-1) AD (type-2)

1000 AAE

AD MNIST

AD (Table 2) /

AD type-1/2

9. Related Work

NN

NN [Hopfield and Tank, 1985] Neurosolver

NN [Bieszczad and Kuchar, 2015]

NN

[Arfaee et al., 2011] [Satzger and

Kramer, 2013] [Silver et al., 2016]

(DRL) [Mnih et al., 2015, DQN]

DRL

LatPlan

(≈ )

DRL

AlphaGo

DQN AlphaGo ( )

LatPlan

10.

LatPlan LatPlan

8 LightsOut

12

スーパーコンピューティングニュース� Vol.�20,�No.�Special�Issue�1,��2018- 51 -



1 Gumbel-Softmax SAE 8

42x42 2

AMA2

(1) (2)

LatPlan

LatPlan

A*

13
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