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Container Pre-Marshalling with MuZero Reinforcement

Learning Algorithm
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This study provides a new solution approach for container pre-marshalling problems using a
reinforcement learning method, the MuZero Algorithm. We have developed a customized
pre-marshalling environment for an agent to be trained. To facilitate the training, we have devised i)
some action masking methods, and ii) a reward function where lower bound for the number of
rehandling is considered. Action masking methods and heuristically found lower bound were proven to
be helpful in the learning process. Experiments with different sizes (from the minimum number of 8
and the maximum number of 12 containers) were carried out, within a stacking space of six rows and
six tiers. Experimental results show that the MuZero algorithm implemented with our strategy is

capable of training to solve the pre-marshalling problems for some small sized problems.
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et A ] A A= = A A d(pre-marshalling, remarshalling) & X Z#H AL FF AT
= &3t Hdlo E&2 Ao AYde & F AEF AARY dEolvEs g AuAste AdS
13-t (Park et al., 2008). &, ZA=Ho] = AElo|He FFAES APT o AHolH AFHFo] 2L
=5 vle] deelvrt 2o e FHE A Este Ade L tH(Carlo et al., 2014). ot} <Figure

© stue] dAlZA HH oY ZAF A= A} 5 =4FHoE yehdg. A= A=
Y doll o] = dElolve Msrt L5 AEE Uz UEs AolBE A= A
- st 2 Sl T A2 AT SR R ¢ e 23 FHE HHela &
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Figure 1. An example of container pre-marshalling problem (Numbers indicate retrieval sequence)

Aeleld A= 2-2AA e g =& o8] Aeld v Aok Park et al.(2008)ll o] tH A
dEo] A3 Hah e ol o] thr]AIzke] 70% o1 FAsaL AR Al o] F Aol 37.75% A
. F3ste] & HsIRIAAE 19.94% FAAZE 7 AU Park at el.(2012)9] AT = Hl=3 A E
ANRE AU F Atk A= BHE At AY AdH} FEHY 7|2 Hrisded, 23
< Sl At Ay AL oF 28% T4, SFER t7|AZRe oF 32% HAAZ F dval AEAUH

A guke] AAAAA P W 2ol T mxlo] o] FojA 1 Y, o] F st AFAFANS
o] g3 Hhfolth B =R E A 43 AQEHo FEuE AFA S By, Hd /He &
T Bofel A gate] AElol AAE Ao HgeGch B AFAE 7129 Fuk AFRokol| A A=
2] 9kkd MuZero 7818t W ES AHEEIGon, o] B3 M2z PHE AE 5T A
s AT
2, BT

21 AH Y A= A THE

Aol AR E 4 sl 2SS AT g3t APA 77 SAY. FeRdF A HH) & e AT
H(exact method), L8] ZARHE 2= A 2?1 711 (heuristic method) &2 W-&& F&3t] W&<
glsk it

T EPL G5A & H(integer programming)oll ©]g WH(Lee and Hsu, 2007; Parrefio-Torres et al.,
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2019)% AleF Z = 72f" (constraint programming)oll ©] 3t W (Rendl and Prandtstetter, 2013)°] A A=
Atk HHHNE e A YHo=ZE EA AN (branch-and-bound)oll 9]¢t WH 2 (Prandtstetter,
2013; Tanaka and Tierney, 2018; Tanaka and Mizuno, 2018; Tanaka et al, 2019)°] FZ AFFHAY.
T3 A* &ag]F(Hart, P. et al, 1968; Ha and Kim, 2012; Park, 2016) ¥ IDA* (Iterative Deepening
A*) ¢31e] % (Paias et al., 2016; Tierney et al.,, 2017)& 013-5]' WHESC A58 v o

SABIE e BAA 7] O = biased random-key % ¢i1#]F(Hottung and Tlerney, 2016) %
g2 FzIsl g F(Potter, M. and Jong, K., 1994; Park et al., 2009; Park at el, 2012)< E"‘E_%]’E?]'
Fo] 7 gol AREE AT o]9ox o] X¥A (neighborhood search) el 2Bl HFAYH S
W2 (Lee and Chao, 2009), corridor method 7]4¥F ¢+il2] & (Caserta and VoB, 2009), lowest priority
first ¥ 2] 22 (Exposito-lzquierdo et al., 2012), target-guided ¥312]F(Wang et al., 2015), 7}5 /"‘7] s
(feasibility-based) 2] 2~¥(Wang et al., 2017), 72 7%k (rule-based) % ilg]5(Gheith et al., 2014) &
&3 ol tie A7 EATH

Hottung et al.(2020)%] Aol = HE oY ABE ZA 8t5 7] W (learning-based) ¢118&S &&
stATh A ATFoNA= A5 217 %(deep neural networks)= AHE3te] 7] & EAEE A= A

SIS Eate) -47‘4 2——‘7"*4331} 3l gk (lower bound)s #@3stE 7|FES A= <F(supervised learning)3t 3

oL,
ol
o rroog

rﬁ

Mo

o ol Ef HA Ao A thgFol &S #7](branching)E Ad¥st= A4 81 A (pruning) 2
Aol g5 ?‘zi}% £33t Hirashima(2009)2] AFolA = HEolY AAH= TA A Q-learning= &
&3t 43} <5 (reinforcement learning)stith ld AFolAE AT AAEE o] &3sHA dskon, &
T TR 271EEUE M8 F Aol Aol dial /A st AAsAT. 71EY WA S fA
AU O U ARE S F AQAR, sFo AUt BEA U FEH AT fFaRSITE AV EA
Eia=g

AE AAT Astehs BHES ol &3, FA9 ZVIHE 7HEste HEClY AR =S AR
71E AFA e EAEA det

AT AR ety HHECRE AHoolY AFE EAE AT  ASA eSS A 93
FrAbeE BAIQ sheole] &ell ik R ATE WA ol § EAlE HEY YFOEA A A
o] 7l v FstHE S 7 FAET A E EAREBE AL Y BAY FxE sk
o] 715 AEHUE EAES UE VTR AEE FHE &le Aotk

shimolo] B EAg HEloly AAE EAe AR FAES AT A=A EAGE EAVL
AT F A ZF @ ¥l W 9ol 8 EA T stunkE ol FAZ o, HFHorE AV
Al EE AEHE BEoUE AL BxE I =3, F EA 2T AEE AHE A3ses g©E
(greedy) =4 Yo 2= ZAE AT + glon, 389 FHE FUZEHe 2AUdS S8t HF

sticolo] & EAE AssFor AT F9E o FHolw F JUe, FE2 Q-learninge AHE-3
jdHo]l F/N=E o] Ath(Khpeek, 2017). Bang and Tijus(2018)2] AT-olA+= =2H4173 " (recurrent neural
network)= &= &8sl stolo & FAE AU E3, Pierrot et al.(2019)9] =&l e 71&E
AlphaZero(Silver et al., 2017)¢] ¢igFol ‘& EAS 7Moo =4 W g AlphaNPI(Neural
Programmer Interpreters)& ©|-&3f sl=olo & &FH-S AASHATh
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3. &

3.1 MuZero &31.83

43} 852 AlphaGo(Silver et al., 2016), AlphaZero(Silver et al., 2017) 2 1 & 9l& MuZero %1l
2] & (Schrittwieser et al.,, 2020)2] A7+ A¥olA & F Ax, 24 oA A AGolA 4320 A3
yeldth 2d 7ak 38} & 4] E9 MuZerow= A2, A7), vlEoA HHATE AsS @43 vl A
(Schrittwieser et al., 2020). MuZero € 18]&- o} o] BT 4 Stk

HA MuZero ¢ g]FAA = FE(tuple) (S, 4,7, U,v>E EH == MDP(Markov Decision Process)&
Aojgtt. FE9 7 84+ states FFH(9), actions FHFH(A), state-action ¥ (x)S AMEL statedl] FE(p)
24 W3 (mapping)dt= ¥ tho] Y (transition dynamics)(7: < A—p(S)), state-action = KA
(rewards) 2.2 WF3t= BAAE G (reward function)(U: Sx A—rewards), 183 &0 E(discount rate)
(vE[0,1)< ou ot R o zEe 488 MDP(S A4, )R & A, S& 3438 48 33,
T Sx A—>S= A oy, A—rewards< AZFE R (reward prediction)s | P|HT}.
MuZero € E]lENAH HEZ 3t AL Vis) &S AUsAZ 4 = A (r: S>p(4)) S Folgj= A
o]t} V(s)E infinite-horizon T3 return Z+e =X E 9n|dly L3 Zo] Ao},

=
2]
R:9 X
o

o

V(S):EW,T EVt © ulsy = s

£=0
oA Ael® MDPE FAk(approximation)st”] 34 o2l <Figure 2>ollA] #Zo] AZ & Al 719
ARG ARG T hy, A TolUY &= gy, AF HEAD f)= AT 971AM 4= HESA

o 3% /) WS A dehith AE A=Y by S5 £ A4l MDP #3 3EE o] F45

MDP AH & 93ste 4&S dvh AE tolly F5 g, : Sx A>Sxrewards & FH AEOZ A%
o Esh BAgE dEste 4R Ak nAUeR g YEND £, Sop(4) < rewards & B3
R R FAsE e S dEehs QTS Aok Al e AATL SEA g, = (b gy £) T L0 E
48 5 9t
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5t )— Jo—pi, V)
Figure 2. Illustration of MuZero’s RNN unfolding during MCTS(de Vries et al., 2021)

MuZero &

e h MELIE o] &3l 4 &1elA 9] MCTS(Monte Carlo Tree
Search) AM-& 43 =3

FoIxl f, g &

. \A hE T dA s dRZPEH, ol F MCTse & F7< 0}1401 PUCB
&1 8] F(Rosin, 2011)S 3L, g9 foll o3l Jefwigta A2 gl B A3gk

o224 AHA r,=x(s) % 71A  xE@root node)e AZFF V= V(s,)= E%?}E}
(7, V) ~ MCTS(sg,-..,5,lp1p). ©1F A 87 (environment)o| A action a, ~ 7, & Al€}3}<
AgstH, o] AMFA FAX UELYIE o] &3 F4 33 MCTS A #AH o2 drEFHT. 3
AAe gk AFAM g W82 Schrittwieser et al.(2020)9] F5 BollA &1& & Qo

Feetae il guS AP AM s VIEH R @GS TSR I AseEelAe] &
e FEe Tuste ool E(agent)’t HE AF AHE Hriste] B go = widltels &S I
5, Aol ET} shgstaat sk &4 1 AAIQ] Aot &7 7S A% e Zd d =27 AAEH
ko™, Mnih, et al.(2013)¢] =& SolA= ALAALH 2o SFe A &4 752 #Ad Gym &4
(OpenAl, 2018) ZH| Y9I ZE A&t & AT % Gym $4& F&3 7, Ze ¢l 2ol 550 HH|
ol AAFES Ty Y FAE TEHIHAT Gym B ZHJJIE 2718E A _init T
EAZE F2EHAE A 3 ATEE AT reset() T, dolAEC o) AAH FFS FHer] AT
_take_action(action) &<, -5 AAZ o]ojR = FEHE EZ37] AT _next_observation() &<, @Al

FEHE oln|A] T2 FY5H7] 9% render() ¥ TLE FAHAT
3.2.1 Actions

B2 AFol A= source(from) B FTe] AE|JHE target(to) € HTFOE &7+ AL stHe] action
2 Aottt W A S A3l oFef Y <Figure 3>} o] 6¥(row) 63 (tier)e] 7A4S 7|2 FHE 71A
StATE &, 7182 e oA 7Hsd BE action 67 source € G HAHOIHE 67 target € F TR
71 AL® F 3677 2tk &4S 74E W, 7He 3 EE action? action_space®A YHEEHM, 1
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#2 Discrete(6*6) 2.2 A3 H Tt 247+ action 0FF 357149] A42 dH T, YA 2 Y= A

© =% source E¥ target & WAIS= Zo] 7hsdtnt. 7 7HA = A= EAY, action(31)9] 7B
source ¥ (int)(31/6)=5, target -2 (mod)(31, 6)=12A4], 581 & o] AH|UE 1H & YFo=Z &
71 actions 9Jm| Tt

N L

= TIERS

(2%

e L
InEEEY

Figure 3. Basic 6-row, 6-tier configuration

EE actions Ad 7153 A2 7MAE 5 JAT HHOIHUE &7]E action®] EE|HOE EVlE
gt 74 9-(impossible actions), :LE]E’_ EYH o2 o] gl 4 F(redundant actions)E =715 action S =
TS0 Fe(masking) A o2 Stgo] E&A0 % IyPd F UEF FE5ATH

(1) Impossible Actions

Ao 2 BIHET actiond A F TRV ATh A HAE BloU= E(empty stack)oll Al HH o]
Mg B0 S¥wA s Aot S0l 29 ¢ Y= WU EARA $OEZ BAF5T action
o2 FE3to w2 0]'05]\‘:]' T HAE Aoy E T d(full stack)® #7137} st 7 -F-olth. o]
) Hol S7HA AEHolUrt 2o e gl AHeluE FrHHoR Qe %‘iEEE o] =3t BrlEsh

action®. 2 TFE3ld wlAF 3T

é
Co A

(2) Redundant Actions

F At A HA= row_ A9 row B7}
Iy

Y 7§°°1E} ol &9 ZHoY Hlojmg2 A3 E7ls3
Hnog B

T HAE HHOIUE FAl(relay)st= 7 -F-olth ofe} <Figure 4>oA= oleldt A9 shtE oA
&Fa

Stk wheF Aol AolU@E 1 AolA 58 A= oA 5, AM(E1)olA AElolU @)

Aol A 3W A2 o] FEAATGH, djzo] AHMIA AEllU@E 19 dolA 38 A= AH (F
AskAl i) &71E Hol o E85olth AEolIE FAFE AL U@ asH ARl Aolu
= Zo] ok} olzlel <Figure 5>olAE A&HolA @& A() o AH () A= FAI ol
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2 AN

A A actionTt A= A FH3H = action®] FA3E actionQUA] ol A 9] oJRE A 3551
o]

@ & glovl, 3/ action 4R E A%HOE 24T F Y& AL THIok Ak FA

5

Ed(boolean) 2. & T4 H relay_actions ¥2]st Z} actiono] FA action UA S| AFE wj AF
AsE 7 Aok <Algorithm 1>dA & WA, dA A actiono] W source(from) &3} target(to)
= WAl U Ao g A4kgith oo A, Al4HE target & The actionol| Al source EE 7HA|
He BE 2AYS A actionoE #AGstA true BHFS FAST =3, A AHQ actionS =2

Al action®] o}UA H actionEol] 3] EF false BHZLS Fo 3o}

~

¢

O X R ot rE i ot

2
in}
o
o
ofy
o

e

ACTION AT (t) ACTION AT (t41)

=

R B

a 1 z 3 4 ) o 1 . 3 B !

Figure 4. An example of relay actions

ACTION AT (t) ACTION AT (t+1) ACTION AT (t+2)

I B B
i O

Figure 5. Another example of relay actions

B
=
T
=
=
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Keep Track of Relay Actions

Initialize booleans of relay actions Z to the size of action space
for each time step in T
Set index ifom = (@i / NUM_ROWS) and round down
Set index i, to the remainder of (a; / NUM_ROWS)
for each row » in NUM_ROWS
Zlifom * NUM_ROWS + r] = False
ZINUM_ROWS * r + i4,,] = False
ZI[NUM_ROWS * r + i,] = False
end for
for each row » in NUM_ROWS
Zli, * NUM_ROWS + 7] = True
end for
end for

Algorithm 1. Pseudo-code for tracking relay actions

3.2.2 States

Gym 374 & 74317 AsA = 2A A3 action_spaceol| T3t F7124 0 2 observation_spaces
o Favt At 714 observation_spacet G A ANA AFH(ED) 7Med EE FEHE W= F
e 9gu|gth. MuZero ¢8| FAdA A= F43tE JElE 8322 observation_shapes % 9| 3Tt
Aol Al = observation_shape< ©}#f <Figure 6> 4 2

A=

Folshs vhsh ol F A 6% 63 YHOE He

stk A AA BEe SAE9 F, Avold WEAY «AE dEith 4 £A4A5S WA u
A"E 73 glom, 0L vo]

Ve EFHe] A £AY
U7t JER duE %
@ Aol 1Y @,

B A9 HESE )

(

(0] (8] O 0 0 L ) O L8] (8] L8] L]
O (8] 0 L8] L8] o L8] O 0 L8] L8] o
O 0 o O 0 1) 0 (8] O h) o o
O ] O O i 0 (&) L] L]

10 OO

Figure 6. An example of the two 6(row)*6(tier) planes:

representation of retrieval sequence(left) and re-handling

requirement(right)
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3.2.3 Rewards

Actions F 3t o3 AEo] 223S W HAIF BF(EES penalty)S FAFOEZN FEZHQ Sts
< =3t Y. - Bgs dAS7] sl E actions s A9 JEl9} actions HE Fof dE
of e B7F7t Easte.

(1) Improving or Impairing Actions

Actione HFOZA FE7 MdEE W= e shd dstH s A9 =Y SATH. ZErE A
HAEA, £ AHA=A A dell BEsty] 95t B ‘H: AFAF g sIpe] FaFow
gttt A& S, A FEHAA ALE A AT A9 kel 53], actions HFoEH =
23 @A FEjol A ALkE Ha AFHT Sl shdbgke] 4324, sl actiono] AF T 3¢ gk
< 195 SFAenE +179] BAgS Fo3n vtz AFHF ?‘\Tﬂ 13] sold 49, 19 R4S
i=]

Fol gt

Kang et al.(2004)¢] A7olA= @A Aelold7F %] 9

=S 7 e fday dundsES AN dY A
st EX @AY gz FE3tgo, B ATolA
g2y dagEF2 A 3EAC 2H JPdn.

3 MA =, <Figure 7>0 Webd vie} o] WA g ojof & (A7l ¢ ¥2) AEol|rt Holl &
A (A 9 2) AHelHEG ofefel fAIstE 49-E EF AFHT SgEA JATH. F HA=R
<Figure 7>°4 Z2A " A F e AHIHERTGE fod Fo = HHoU= AHAF A 25 2
ofujoptt st 2, o5 EFE FIHHOE AT HHIURAM HADT <Figure 8>l = |9t 2
o2 F7tH = AT AECIHE Y ok vk Al AAE, <Figure 9>°l YEbd Tha &
A3 e wEsH AHCY AFFol FUHHoRE ¥ 228A] FEIith

o
p
e
$ oo B

|

~

Figure 7. Re-handling lower bound: 9

Figure 8. Re-handling lower bound: 11
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<Figure 9> Uehd #4885 25 O B Aestd v 2ok UA, dA47tA A Fel 283
Ao g Aty mE AH oY E Zojuo] AFHT FF(rehandle list)oll H<=4d Bt Hagin, o5, A
A EH = AHOIY F 7HE flol &4 e AEovrts 1HIE W M F FE AAINE
(placed max=11), AHF HE=F FA 714 2 F& ‘A3 F 3 Ul 3k (rehandle max=18)' 2taL g 2] 5}#}. qhef
AFFHW Gl FAANGRET AT, F74A0] AFFol Aojort AES 4R & e FHIS &
T Utk A ZAH d= AEHOIY F M fledl S8 A A= HHlURS 1y IS w 7P A2
<= ‘A F 23k (placed min=3)'°]g} A eJstal, FrtHow Hojd (AFHF FFo TFAZ) HHIUE
A H gkol didste HHOUE AAZ Aol AEo|UE AFHT 550 deAES el F7is
o I28a 22 HA S vHEST <Figure 9>9] 31 ¥ 3 o] A4Sl vl o AAHE2 0, AFHFH
O3ke 182 A4t ojuf, A Hgke] 09 ol fr&= A 3] Blold= Dol EAsy] W Eolth AHFH
o] AelolHE Hlo] e el Ao r Ferh(HE ol 18, 17, 16, 15). <Figure 9>9] 4H 193 2
o] AFsto] niH o] AAHUES 11, AHFTHHIS UE AT A8 AFHFHHgEe] AXH R
o =27] WZell F7HAQ Aol Bostnt. olol wel AXH Ak 40 G sts HEIHE oL A
A H5 d+=448& 188l F718tH <Figure 9> 5¥ 187 Zopxith o]} o] AX Az

)
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0, AAFHUNGHE 182 AWM 47)e] AFIUE AHF FHOZRE FYWTh ol F, FAAGE 0,
AAFAN G 142 AN EOA 4719 AHUE AHAF FFo2RY YT = Ytk GLoRt
.]

A F gkl 11, AFAF A 80] Hol HH (1) floll Huide=z (2719]) HH ol
Ao g FAHAUNHL 7, AHAFHANEE 302 AL, it 3719 HAEHolUE FAFo2H dag
0] TR0

mpA e GAE T AEloly 33 AE oY 48 FUHH o2 AF T HHoUE AAFGe=AN AHH st
e +2HF H BEsA Adtald = Aok o3 BT AAH S JdWSAA dugFor FHEH
otgf o] <Algorithm 2>3} o] AT <+ ATt

The Last Step for Computing the Lower Bound

Initialize lower bound for rehandling count to the rehandling count from phase2
Initialize container list rehandle list to the rehandling containers from phase2
Initialize container list top list to the top containers in each row
while rehandle list is not empty
if empty row exists, for all empty rows,
pop containers from rehandle list, largest number first, to the maximum tier
if rehandle_list is empty, break while
Set placed max = maximum of top list
Set rehandle_max = maximum of rehandle list
if placed max > rehandle_max, for the placed max’s row,
pop containers from rehandle list, largest number first, to the maximum tier
else
Set placed min = minimum of fop list, add placed min to rehandle list
count++
end while
return count

Algorithm 2. Pseudo code for calculating lower bound (for the last phase)

(2) Problem Solved
Action FFo=H AFFol M3 FasA &2 FH, & F=0] &5 e =2stdA A7

#7828 5 Uk Aeeld AFE BA HAL AsAE AA JuE
£49 o= HPY FAE FUmLE SHYo] HFHolof Atk AFHOE FA HAL A A
AT GBAE $AYS FR DT F UES BAL AAY A 45 w2 B Relstgn

4. 2¥

41. A7 9L Parameters

Intel i5-4690 @3.50GHz CPU%} 8.0GB¢] RAMS AR&3] 2w 217 GPU(Graphics Processing Unit)= At
8314 egkth. Tol® PyTorch(PyTorch, 2020) 19.1 HZ& ©] &3t o™ Gym 374 5 FF5HU 4%

Al(dependency)& F7HH o ®E HX|5tA T Kingma and Ba(2015)°] 93t Adam(Adaptive Moment

_29_
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Estimation) optimzer+ H°]E| ¢} wj7/] WHFFo] W 343 &
Ao g TgFT T Utk MuZero ¢ g|Fel A &EH= w7 ¥
EXAPE 1Ested APl Adam optimizers AHE3SIATH < Duvaud and
Hainaut(2019)9] o2 Aol 283 A& Fasitt ddol A8 F8 vzl "HE-E9 @t 9]
£ o2 <Table 1> A3ttt

Parameter Value Explanation
learning_rate 0.003 Learning rate for the model
num_workers 1 Number of simultaneous workers to feed the replay buffer
max_moves 30 Maximum number of moves if game is not finished before
num_simulations 100 Number of future moves self-simulated
discount 1 Chronological discount of the reward
root_dirichlet_alpha 0.25 Root prior exploration noise
root_exploration_fraction 0.25 Root prior exploration noise
blocks 1 Number of blocks in the Residual Network
channels 16 Number of channels in the Residual Network
reduced_channels_reward 16 Number of channels in reward head
reduced_channels_value 16 Number of channels in value head
reduced_channels_policy 16 Number of channels in policy head
resnet_fc_reward_layers 8 The hidden layers in the reward head of the dynamic network
resnet_fc_value_layers 8 The hidden layers in the value head of the prediction network
resnet_fc_policy_layers 8 The hidden layers in the policy head of the prediction network
batch_size 64 Number of parts of games to train on at each training step
value_loss_weight 0.25 Scale the value loss to avoid over-fitting of the value function
weight_decay 0.0001 L2 weights regularization
replay_buffer_size 3,000 Number of self-play games to keep in the replay buffer
num_unroll_steps 20 Number of game moves to keep for every batch element
st | Number of steps Ty the fture o kg o accoun
PER Troe | i1 the replay Duffer which are anexpected for the network
PER_alpha 0.5 How much prioritization is used

Table 1. Types and value of parameters used in the experiments

42 AdA3

g AFe 53XE AF S
2 AAst F A 7R Ade
o] A5etH, oluol = WHIA NEE B
AE 958 M4, 282 &L dEH7E A2 Al Adstd ot ob# ¢ <Figure 10~12>2
Zvzy Ae oy MEE 871, 10, 12712 AAH S Wl MuZero €] Eo] AHOY AAHAE EAE <53

= HoFETh
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NUM_CONTAINERS =8 NUM_CONTAINERS =8

a) increasing reward over training (b) decreasing re-handling steps over training

Figure 10. Number of Containers: 8

NUM_CONTAINERS =10 NUM_CONTAINERS =10
a) increasing reward over training (b) decreasing re-handling steps over training

Figure 11. Number of Containers: 10

NUM_CONTAINERS =12 NUM_CONTAINERS =12
a) increasing reward over training (b) decreasing re-handling steps over training

Figure 12. Number of Containers: 12
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<Figure 10~12>°= 22t 5 7He] =%7F AAHAT. (a)¢k (b)e] XF2 25 S5 (training step)
Z o)u| gt} dto] S5 U= <Table 1>9] batch_size ZH O 2 A AH vle} o] 643] 9] AlYdo] Mgy =
o 2 A2 ol 9] &5 (episode) S FAst=T, 2 cldl At NG G EHE AlASte] HEH ol A4
o] ¢xd wriA e e A dZ4e] A HIAY action, TLE]al T2 QIR ’bEH E?—_}ﬂ'ﬂr
<Figure 10~12> (a)¢] YF-2 H 1007 SFA A BHHoE A Eo] SEHIZIA RGO =E g5
gk ks 9mEkH, (b)9] YEHF2 H 1007 5T AdA HdH o2 e oY AAES 45 % o 48
A AFH T T, time step®] TE SJu|ATh F, o] AP wep Brh EE& 3 < actions AEH O
A JAAA o2 BAFTe] SUtete Aol (a)ol vEta Jlom, AElojy A =] dRHIAA L8
H AFAF 357 Sol=s d4o] (b)oll YERIT

<Figure 10>°|4] &Qlat%, AH ol MF7t TE38] A wole AR ES gsste ol Bas AT

37103 FEoE FAsE A AT & Ak W, <Figure 12>3 o] AE| oy N57F 44
=& Yol s delle B+ AAF 357t Q52 o] AFHIE vk =S, H AFHF 35725
HFE2E Zo® Hol o] D] MPHA X o g AdHT
AgE T3l T AFNA AN T FFed] MuZero 1 FS A& Fube HHY AAE
BEAE 5T + dve Aol EAHAJT. =S, dEH Y ATt soiutigt®s AlRte] Aol uhet
B B F5ge] St B AR AFE % o]

2 AT A s ke A FdS 2 A ol A A = (pre-marshalling) A1 4] #2

g Aeoly A= AAE UYEhe A A 4 23 9 FEY Y| A

oo =8 o3 Ag2lE vl AH(Park at el, 2008, Park at el., 2012). ¥ AFdAE HZ FEUIE=

A5 sty HEd 7IHg ol &3 Fte] AH oY AMAHE EA HIsAH. 3], 1S I
oAl AFEE HE §lE MuZero ¥ E]|ES ol §F22N AT AEAHS FUCH

gk Aeoly AB =S AsEstr] A 4T AEdelE f‘ih.ﬁ— 37 (environment) & A3 T4
Atk BA4E FEE Ao AEAA TH5E FEsH] A% OFF AR A7 vt WA, E
753U @R BHEE actionS vtAAT o 2R Bt @8] F 2 actiontHS 1HT F UEE ST
T3, AAES A AFHF 359 sSaS Felayg PP A4lete, action o] % el SHskgkd

FUE

ar
action ©]F ele] segke weld w AAE vids Ak 69 650 Fkel AulolU} 87, 1070, 12
7H »)\E UHE 7]fgi é—d% ;ﬂﬁﬂfy‘]—ﬁﬁ}

ATE 58 S F Jde A2 GL2F 2o AA, MuZero 18| EF S o] &3] ko] AHE FA
£ gt Aol 7hsdtth Mo R AR Fslets S E83te] dH oY AAHE EA 23
om & 2HI JMEAS AZEET EA, 2 Ato]=9o EACA YEYE BRAPLS ZEar] 93
Ae O B2 3t=doid, AE AYS BUE et o EA9 Alolz2= A FUHA SWHol A+
o], stv= Aeloly d9 Jie e Fo s SAsts A, ® stues dH oW 5 SAst= Aol
o} AR, action npAZ 3o ZH S&ol S ZUistE 4 ) s npa WHe Hesig =),
o %2 actiond ZAREZ vfaAsd oS £&32Q o] /e Aot AT, F3etgel Az
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A e YR gol FUate A =g FAZE B 5 Agol felsiof Sk WA, old uEish A el
Hx ARF A5 st gklower bound) S Fel2Ee Fa) AN 7 1 AEFEL HAYOR FE L
Mol EiAoR AFdrhs ALL FAstArh F, FelaE PHECE FASEe HEAL F vk

B ATelA AYE AP} A o= vRo], Foge) Frtdre) }g WHaA AAY S Aok A
AAZE, 52 AT AL S/MA F714 475 AT 5 Ak F AAZE, ARF A5E 3
23she 2 ol 4] HEE 44T A7V} sbesith A9 dEloly AHE AFo] MEA Hade A
AT AFWE JusAE gk ARE A T WA AYALS HaFse AL FER T 5
T Atk EE, FF AA =5 BRI T4 AQATE HaHNE AL R FE 59 0
G b e 1Ed ATE FHY S Yo
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