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Batch Reinforcement Learning for Linearly Solvable MDP
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Linearly solvable Markov decision process (L-MDP) is an essential subclass of MDP to find a better policy effi-
ciently. We first develop a novel batch reinforcement learning algorithm for L-MDP. The algorithm simultaneously
learns a state value function and a predictor of state values at next step by using pre-collected data. We evaluate our
method on traffic signal control domain in a single intersection with the traffic simulator SUMO. Our experiment
demonstrates that our method finds the policy on the domain efficiently.
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H5. HBENHEL - OG22 e 2 [ E i T
FR[REMEN S 2RI T, AHEPEFILETHS [Riedmiller
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1. p(st+1lst, us,) == p(se+1lst, mo) exp(us,),
2. 7(st,us,) = q(st) + MKL(p(st+1lst, m0)|p(st+1]st, us,)),
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XOERITZT LT, FRNCHEETES [Todorov 09].
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ENB TD iRz & BB SRD X1, Z B O EMZHE
Wid 5.
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EEZETIENTED. TOBKE, IKE s BT, X
IREE 5141 TO Z BIROIIRHEN IR & 75 178 2 384109 %
TeZEMRLTWS. DX, AIFI A r(s,) DIREO X
q(se) THUTEZZHEFICE, KE s, ICBNTDH 2178 ar 2
E D TeMEDIAREE 5141 TD Z iz TS 2T & T, 17HZIR
ETDHTENTES.

8% 9 % Fitted Z-learning &, 2 DDREL,

o BUIRRE s, O Z (2 HEE T BRI Z (50 0),

o 178 a; Z R U TR OIIREE 5,11 TD Z 02 TR %
BIEL Z (s; ar, @),

DEEZMUTHER 7 2228 5. 72U, 0 KU ¢ 13
PIECEID Tz DIST A—2THB. Z-learning L [AERIC, 0
&, L-MDP Ic B3~V VA SHEIEE NS TD |
ERNELTBEIPETB. ¢ &, K4l t TITE) o 7k
IRUTREDICIREE 5011 D Z(s141;0) DIEE Z(se;ar, ) ED
/N2 FFAERNELTEHRINCHEET S, ARTIEESIC
multi-step Q-learning [Peng 96] Z&E1C, #ifi L7z T A7
TOIREER 2 E R L T/8T A—XDHEH 21T S multi-step
Fitted Z-learning 7 /2.
R 77V 3V X Lz Algorithm 1 1Z7R9.

4. BUYESRER

AEITIE 1 &2 RICET 2 EFHHIE 2 X 712X D Fitted
Z-learning DH M ZIRFET 5.

4.1 Za—=3J)bxy FT—7 D8R

Fitted Z-learning ® Z(s; 0) MU Z(s;a,¢p) #=2—F)L
>y hIT—=UTETUVIL, FH L. Za—Fxy b
T— 2 ORERER 1ISRT. Z(s;0) & Z(s;a,¢) &, KE s
D Z AL, IR s TITH) o 2R U IR OIIRAED Z HDHE
EMTHD, TD2D0 ZAHIHAEICEES 578, —a2—
TNy NI —=0DEL OIST A—2IFHEHNKS L THEN
%. % T T Dueling Network Architectures [Wang 15] #%
HiC, M1DOKSICFEORy hT—0 G LT 4 —2
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Algorithm 1 multi-step Fitted Z-learning

1: procedure TOWEEL T —%t v b D Hh SEKEEY

2: IRTA—=2 0 NT ¢ Z#HIt

3: for TEY—R i=1to N do

4: D WS T ATy Tl Ll T — 2% 5 2 2 LICHiH:
{(7;75170'17527‘]1)7 vy (’i,ST, aT75T+17qT)} ~D

5: INT RA=2ZDEEZ YL d6 < 0

6: R« Z(ST+1; 0)

7 for 27y t=T to 1 do

8: R <+ exp(—qt /)R

o: TD%%&A%%QUQ¢H<R7ﬂ&£D
10: INT A—=Z DA dO ZEH: do <—d9+8€%’t/80
11: R 6y 2Rl

12: Ot +— (Z(St+1;0) — Z(St; at, d)))

13: INT A—=Z DL dp ZHH: dep «+ dp + 952 /0¢p
14: end for

15: ISTA—=R0,¢ % dO/T,dp /T 13D ETH

16: end for

17: end procedure

Boxy b=z, DFD, ThigD/RT A—21F,
0 U ¢ THRILMEZRV, 0 MU ¢ OFEHRHCERHINS.
7z, 2 TCOHEEZ, &/ — FHEEaSNi2takE (Fully
Connected Layer, FCL) Z V>, &L OE M LREENE
2T ReLU(+) = max(0, -) ZH\Wiz. HI1EOEMALEIEIE,
Z(s) > 0,Vs € S THBI®, Z(s;0) MU Z(s;a, ) Hi,
Softplus(-) := log(1 + exp(-)) 2 H 7z.

FCL FCL

L ] ®
rett| @ Ry rett| @ softplus :
s L - @ - —— - @ —_— @ —Z(s:f)
e o ®
[ ] ® Rel Rely @ ® °
[ Bl e =i e )
o ® [ ] —g[»,:rxl_rp)
e o ® e @ gy rety| @ somplus @ —Z(sr02.0)
S @ - @ —_— @ —Z(s:03.9)
& [ ] ® —Z{s;a,, 90

1: Fitted Z-learning D7z D % v k7 — 27 DR

4.2 REREE

TERTFE Q-learning &2 TL Fitted Z-learning ICXf L,
SR OLENE, HEE, MERED 3 DOBSTOHIGEHTE T 7z
2 A7 & LT, ENERICHRT Tz 4 B ITIA 1 R
90, G 8 HERAMEG L TV A (M 2) ICBW\T, AN
DESHEZHIL, SEROERZRAET %2 A7 Z [N
fz. LURT, FHfi%Z R 7 OFE7Z RN 2%,

FERIEEEDHMNTE, HEFTERVERE Lz, £
IREBIG S 2 BT 5 2 HE O VIEE (8 IRRELE) KU
HHBMTESHFHE LTV 2 HEOEE (8 IREBLH) Dl 16
JOEDNT MV TEREL, 1780E HEFm, HTm) OEEO
EEEoahznNzn (&, /) Fd Gk, ) 022kl
Tz, FSEFOHFEM N O HNHINE 5 > & LN SRR D 50 7 13
RUTz. EEZHEL RO R ZY 2 2L — 570
ICRERY 2 2 L—% SUMO [Krajzewicz 02] Z Wz, %
7z Fitted Z-learning (&, SUMO IC X D EK S NzEE Y 1 7
JVEDESHETHIE L7z 5,000,000 % (R 1400 B 07—
2% VT 40,000 Bl 2 —F )by T —TDIRTA—R %
B LTz, RIEERTIE, EROETR T RICHN SN TV SE
EYA 7 IVEDESH, Q-learning IC X D #EE ENE5H

2: 1 ZGERDOESHEEIHZ X 7. EREAICMHTTE 4 38
FH5I0 1 HRR OO 8 HFRAME G U 723872 D5 S H 72 i
9227, = TRENCHEMDZAREIE 5 72D
DRz fR/IMES % K 5 il /55724489 %.

&SR 217572, Q-learning (F Fitted Z-learning THIW
TeZa—I)0xy b= LIEEIE CIc 7% & 5 g 4
JEO=a—F )by FT—F7 =0Tz,

4.3 REBER

4 JEPEMNE T 1 BT DR 8 HAE A T NI RAZ D
{E5¥4HfE 7% Q-learning, Fitted Z-learning T%% 20 [H]%%% L
7z, %9740,000 A7 TLANIC A EYBADBERDTHIE I
MICX LT, 8 BILLT ORF B2 T & 7B 72 E DRk
e, EFEORIEZM 3ITRT. TOREN D Fitted Z-
learning (& Q-learning ICHENRZE L THEEMNTE S T &V
Molz. ThiuE, Q-learning (XIRREL 1THIZ AT & T 2 IKEETT
BRI R 2 8 B 08D B DICK L, Fitted Z-learning
BIRREDHZ AT1E T % Z B OYE 28 U TBERZ 49
578, FENERHIIZD, FENLGE LD TIERWM L HE
H/ENS.

Q-learning

fitted Z-learning

8: RO

E7z, FEDI U TR DA D ERRRDO S, KU REZD
0GR U IR R T OMERED TIaME L R 22, ThZh
41RY. K 4(KEK) 25 Fitted Z-learning & TOIEEL
72T —=ZDHIN 5 Q-learning & [FIFFD, [EE YA 7 WX
2RLL BRIV B I 2 T 2 B2 A T & e, 721X
AR B, R TRICASNBEET A 7 IIVDEEHT
HIfEE N2 DT — R E ]S T LT, Fitted Z-learning
1 Q-learning ICLEREIRINICIST A—R B2 EHTED T LW
sirote. TN ERIOEEMNLGE UM L AR, Fitted
Z-learning D W EEWNEG TH - 121D TR EWD & HESR
ENns.
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Q-learning

fitted Z-learning BEEY12IL

TG 5 B3 [sec/Aa]

—Q-learning
- fitted Z-learning
~BEHTII
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ji
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D& L[EE

4: 1 ZERGEEREOREFER. (FX) PEBOETETESHE UGS EO IR BRI, Fitted Z-learning 1& 79U
LT —2DHMN 5 Q-learning L [AFED, [EEY A 7 )L 2 LI EFIWRFB R ZER T 2 BERZ 28 T &7z, (HiX)Fitted
Z-learning 35 & U Q-learning D7 HiFR. Fitted Z-learning (& Q-learning I LEARDIR N0 D IR U TR OBRZ 283 % T

EMTET. {HL Q-learning 1343 0 IX UHAIEL 4,0000 DS

5. WA

AfETlE, BEEdTEIZEMIC B 288 AR~ )L O 7 i
FROTdD Ny Fif{b 2 & U T Fitted Z-learning ZHE%E L
7z. Fitted Z-learning IHRIZ AR~ )L O 7 & @R 5 EH
NSV~ 2 RIS D & <)L a 7P0EERE TOIREE
ERIEIC Y 9 % Z B LI, & A178)2 3R L IR
JRRET O 7 B D% Tl 2 B8z ERHC T 5. 28
FHEZFT 2 72DIC 1 e DE S TR 21T - T2,
ZORER, REFEET —ZOBMNSEEY A 7R, 2
UL ER B IR AVE WK E Q-learning K D ZIERINICHE T
XBHTEDERTE .
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