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ABSTRACT

TD-MPC, which has the highest performance among recent model-based reinforcement learning algorithms,
extracts behaviors from model predictive control and DDPG agents in the learning process. However, the
DDPG agent does not apply the extracted behavior to the environment, but only applies the behavior extracted
from model predicted control to the environment. In this paper, we propose an enhanced TD-MPC that utilizes
a dual policy that applies to the environment by considering both the DDPG agent and model predictive
control of TD-MPC. In addition, by encouraging exploration based on curiosity, bias in utilization that can
occur when choosing an action between dual policies is addressed. It is confirmed that the algorithm proposed
in various environments of the DeepMind Control Suite has higher sample efficiency and higher performance
than the existing TD-MPC.

x o] =L ARELFT) Qo AFATATE] A UG Wol £AY 7] 2ATARIY (No. NRF-2018R1A6A1A03025526). S F,

o] =& 20229 F57| RS W WEATRZTA A o] ] ATHAE.
+ First Author : Future Convergence Engineering, Korea University of Technology and Education, koir5660 @koreatech.ac.kr, H:3%]<1
Corresponding Author: Future Convergence Engineering, Korea University of Technology and Education, yhhan@koreatech.ac.kr,
ekl
Future Convergence Engineering, Korea University of Technology and Education, rlawnghd @koreatech.ac.kr, $33]<d
& 0 202212-303-C-RN, Received December 16, 2022; Revised February 6, 2023; Accepted February 19, 2023

112


Youn-Hee Han


i 2 =] 7hEs)

45

o

A

)
o

7141 714k TD-MPC

fot

.M 2

7Pl S 23 A7 B HolellA
8= 9lvk 2% 2R Aol AeA 71A Eef
o} &7 7re] A3AE-S xR witel Asleksy
o7 3ol o] 171 oleE Eofolek B3 Ao &+

olFA= 3 e Abwahg

= 2HelA| =gt Tfﬂ——z = 97k o3, B2
7] amlE Al vkEch Al Zdseke =3
A|2~El2] &4 (Adaptability) S o] 25 A]~
AR S o Ajdd o gle e
Zg ol Fo Pl o)z]3t A o7 7}3leEkse AlA)
37 23 AlzEle] A4S BroR Fefxal
gloflA] w2 A7t o] FelA AL glePl,

kAl A3 Zdststere] whde g ate] e akg-
= FolA g Ao s ? Sillﬂr.
s Ag7kx]) 223 AZ(Sample)2] M8 1z
F-S54(Sample Efficiency)el2} sh=tl, A= E_E‘é
o] o] 7}slel<re] S H A 4 9 1:} 3t
ZUr P5S AAsh= ool Bl #= A
& ol S Aldshe Adstekgelld AE
= AL 25t Ao & A%k
43} A2 (Planning)S -85t ShS
7k ZFslekee Al 8ol Erhe
25 Aloje} isto] e A} o] Fo]
=z 78k 7}ElEkg|A] A 2L AL
= daelE F shtE 2E oS Al S $7 Al
732} E],'vg{Temperal Difference Learning for Model
Predictive Control, TD-MPC)®'e] ]t}

TD-MPC= 55 F=3h= AAS 270 72
it e 2dl ol& Alei(Model Predictive
Control, MPC)"5- &-83l= =l 7|qk A Ao 5, ¢}
2 e A AREA AAHAPEDeep
Deterministic Policy Gradient, DDPG)®lo]2]-4-5 w
9 o] Aaold wdl sk Eeel sk
MPCe| =3 wdl x| 7alsige] Huele
DDPGS] 58 A2 the E4< 71w gck. 57
7t TD-MPC+= 23 7|k 7F3}3te] A4S #4835}
7] $lal 22 MPCZHE 358 AF1E ol 4
L3}

BRI X e - MPC7} 7173 51 F 1
HAoZNE F5E A5 wT Do) 4 geh A
2 daElES Zﬂ‘ﬁﬁf}‘:}. g oluf dold & ole
&]-8-4 3 (Exploration-Exploitation Balance)®]
0 2 AR A Hw= As iREaAl A2

“7
o
I

;
o
)

T"
&

oX ©
o o o
It ol
<
rr

o
ﬂF

w 32 fo fm
il

= m

0%, FLJ

@

ol

oL

o
=

it

5
:

Ei

:nxr_(‘

=] 7194l 3714 749K Curiosity-driven) ¥3 7]
< TD-MPCel| H43lr}. o] ZE 3732 TD-MPCql|
F7HA el AlE A7 glol ‘Fﬁgﬂ‘:}

AEA A= darEES 7 2] Aol
1741 DeepMind Control Sultem«] tlekgl 73004
Ago] 2135t} DeepMind Control Suite= 73}8:
FollA 7 Bl AlEHeld #EE Ak vx
ZQl wix]vp=zo|t}. A3 3= TD-MPCHr} At
da]Fe] AE TEA A WA 453t
S HojFr)

[od

Il

4
l‘

i

. 2

i

ot

21 2gl 7|t Z5fst

7alskee] ¥Ale viEmE oxpAA IR
(Markov Decision Process, MDP) Z#3} &A= A
og 4 Q. wlzax oxpdA o] o3t
(Dynamics) ZHE- olthd, 73513l oo]AEE 3
A AR oziE] FPFoR sk BB EdAEe)
(Trajectory of Actions)& 7¥ & 4 O‘E]- nl2 5
AAA FAe] &' nde 3k mdelalyw g
G 97 2o A S Bgee e il o]
Ml (Model-based) 73F3krole}ar A 21gep,

ilbe
o5

O

Bl 7k S Ag S S S aE s
B 4 Yk wR, G A el o] 9l

% 011013153 iiﬂrﬁfi A7l | A
1289, 3wl nE B0 e Tl
S4rg o) ek wel A Ashsee B
o) gahol =17 o)achs W] 9
7 welo] R3tshll H4ElA] shech, s
< 2yl 5k

w2l 7|ak 7bskete el 2wl
sl Alo] Fare]ES wlE3E vhekdt A3t
Z5 Af| Ag3l7]|% 3t} MuZero!'®1¢} Efficient
Zero'e|4e] EH7122 Ez] € (Monte Carlo
Tree Search)!'¥=} TD-MPCel|x] MPC7} o]el| w3k

0

c0

st

off M n2 RO

%

=
dr ﬁ o
o

o
>
(e3

A
R
o

FT
o
N
el
o,
tlo
o

t}. o]ul, 37]Al(Curiosity)- elle
AL gl Sl 83 AYS A frEshe



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

WA ¥ AKIntrinsic Reward) 2.2 283k 4= glefl,
Al A7 3714 - A Aol sl 54

Pee T, v s & NS FUEAE S
AP ohg Al S A o &3 S glow
=

7ol eal ©J%steka Bkl A e A T
T, TR AR S & ol &3t 4= glom sk A¥e] o
o wile] Wasehy Akl b wake = ok
W4 3714 ZE(Intrinsic Curiosity Module,
ICM)2 3714 7k 743kstere] odgolrh ICMS o
F98KInverse Dynamics Model) =@z} o3t
(Dynamics) =9 12|32 53 (Feature) =9 23-E]
\,H;(—] _HL/\]—_Q. 27"3].1—4]19] O:]t‘ﬂ— Utﬂr_l% @_xﬁ /\H:,HQ], z‘sg

o] Folenl vhe el el Sach 54 wde 4
el e BARS okt 2o SAES FF
lar, vix|ek o Foldl wdlle A% wdyl Ex] w
Aol A @A) ez ok Aeist o] Ay

< olg]FE ks Fh) B =W Aloksl= ot
F2 ICME 28310] 3714 7 st 7
sjsict.

2.3 22 o|F Mg Tt AZIAL &

TD-MPCE wel 7k 8ok % e A5s 7}
A7 Qi ATe)E F shfolr). TD-MPCE 37
e A Q]-QE] 37 wull Fda3le] AFYS
53l 3ol 249 %53 =3k TD-MPC 3
% 7] mdsh ) B B TEOR et
Task-Oriented Latent Dynamics (TOLD) 228 A
olglth. TOLD ®wle] 742 ofefje} ek

Representation: z, = ho(st) €))

Latent Dynamics : z,,, = dy(z,,q,) 2)
Reward : r: = Ry(2,,a,) 3)

Action Value : q; = @Q(2,a,) 4)
Policy: a, = ,(z,) )

TD-MPC+= MPC7} ZA9H4]] s 24 RS 73t
 SIeke S s 913 05 k) wde E
W kel A19gke welslel e S

TD-MPC+= MPCe| de|&o 2 Etﬂg oS A= A
H(Model Predictive Path Integral, MPP)*? &t72]
&S AHgsi.

114

F 1. TD-MPCS] ®d@ 7|t Az} wel xa] A2
Table 1. Model-based policy and Model-free policy in
TD-MPC

Model-based Model-free
Policy(I1) Policy ()
Reinforcement Model-based Model-free
Learning Reinforcement Reinforcement
to Use Learning Learning
Acti
ctlo.n Cross Entropy Function
Extraction Method Approximation
Method pp
Sample Addition
of MPC,
Utilized Extract Actions Actlo_n
in TD-MPC to Apply to the Extraction
Environment for Action Value
Function
Training

TD-MPC+ MPCE &-&3l= wdl 7]l Az}
DDPGE &83l= ndl x| AA %E—? = gl

ok e A B B0 A8 P w5
S)A]"E TD-MPC+= 75101] 24_9;61- Pz z,%-p:

i mdl ol gARE 25w ek £ 18
TD-MPCo] EAste e 14k 205} el e 4
A& w) gl

II. Motsh= L2lE

= iﬂwb TD- MPCoﬂ o]& AAe] AL} 5

o o}l

R

UE

b, ol s el A
Rk A0 Ak Puel] A Es 1)
1ellA] AARIE SR, T 30l AlRkshs Qe
29 SPlmsg nelF

3.1 0F MuS S5t WS M=y

=}

O

3.1.1 0| &8 TD-MPC
A1) - A )ellA] & 5 U, TD-MPCE 7438}
B e vase 23 v, 3 nde dushs
A et md, W wdl, P P md aelw A
A wdoltl TD-MPCx FAE= 2dls 83)o]
MPCE &3 352 &3k TD-MPCE 355 5
£ % oke gAe= wa s Az} vy e
A 7P 3 glek SARL E 1o mRE] 950,
2 7)ul e B35 AR = JEuk 36 Hex
ze] Ao AR L



=i/ 2

EE)

)Y

2] A0

o

2] st

Satisfy

Tian =

2 ==

Observation(s,)

Not Satisfy
s000
(S, ap, 1) ’ =om
. 4 ®so0e

Mocel-tused Pulcy [1
dplz;.ag)

eu)
= °o°
00 o~

L(hg(se4s)da(hy(s). a,))

Buffer
- = @ 4

Extrinsic Intrinsic
Reward Reward

[y

Reward(r,)

2 1. Ak daelE e
Fig. 1. Schematic of proposed algorithm

o)1
e

2]

$¥14] g¥=ch TD-MPCOlH =) xe)
BEE ka9 2 |

Ql 3ol 8w}

2 o

2
=

.3 S ==

Fekd 5 glok AAR

el el el

i
@,

L
oL N

L

=)

d
—
o

A
mdl 7uk ;Hzﬂy_];]_
w}a‘rﬁ B =geMde
gL3l= o] AA
TZJ BAR] Aol %] 71x]e Huksl 4= gl

% 7k mlS A7) gk AljkeleE o)F
A TD-MPCx =dl xz] Aale] sizs} nwl 7)uk
AAe] 5 T o 7K ele sgL 317 o] 28w
AToR Aojshe AR B = WS AR

o3}
et

2 g
rlo rl

0
TD-MPC—J 27H.4 zh“&
2-8-5 Agkskc) TD-MPC

o}L r{r r{r

a, = argmax atE[H(zt),Tr(zt)(QH(Zt’ (lt)) (6)
o]% A4 TD-MPC: 7]% TD-MPCS} B]as}o]
F7Pel mell Eabeel AREANE glo] mdl 2o

A wo) g wel S AR 119) A% F o 7}

2] Sl e AgE 5 givk

Model-based
Policy's Action

urymaxa,emu,;amn(%(é: a)) —» Action(a,)

Model-free
P4  Policy's Action

4 -

Environment

~
o

3.1.2 0|5 Tz TD-MPCe| &= M= dig
wel 7] BEeES] Tbg 2 A shke Al

=z _;q_-g—/v] ] —J—r/]»_ 740]14111] Aﬂ‘f— :g,_g/\-]o] —:—1;}._‘—_

K

ﬂt

e}
o AT oo|HEL] AL AlszkLoR LS
s AL Sk Siv1sf ek e 2

HE ZJAe] ghgpo] A pElchH, Sy ZHbe| mdl
Zg] Ao g FZH MEHr) nd sHE HAog
F=H AZe] o 71 = AEdAR L 5 5
9lth 23 TD-MPCellA] el 7]ul A3 o 2 1g]

3L
=

U8 7] 9l AlZEe wd) we] AAle] s o
5 7 AR g QAL dlE' 5 glek

=

o5 £3}7| ¢, DeepMind Control Suite
73 % A¥e] F7KObservation Shape)o] 7} =&
Dog Twele] 47}1A] A oA Ae-e- zls)skeick /KF_]

e 37}11 uw_; zleyaioick 37122 Al

3}

gl

15
=4

T gl =5
T HlEol =5

h=]
2] A e v)g

=

A&E-2 1,000,000 &2 2E)(Training Step)©] =
Fxch 7F Algle s zlsi=E]o] 7] 2014

o2 gl A WA AdF T A e
o] Z3=wiA AHA Adele] n|ge] AHPAoR

o

o
=g
S
ToF

(E Hor o r‘_E

o, ri‘i l‘
it

715



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

Dog Stand Dog Walk
— 15t Experiment P
00 600 { — 2n ,
° °
e, e JJM\/
5 5 i
2 50 & a0
2 w00 3
a S 0
‘3 0 a
w W 500
7 200 =
o o
F = 100
o o
3 200000 300000 500000 800000 1000000 3 200000 o0 600000 800000 1000000
Training Steps Training Steps
(a) Dog Stand &7 (b) Dog Walk &7
Dog Run Dog Trot
200 30
° °
= £ %0
3 L0
S w0 3
3 g 10
w w
8 g
= F s
0 o
3 200000 00000 500000 800000 1000000 3 200000 00000 500000 800000 1006000
Training Steps Training Steps
(c) Dog Run 34 (d) Dog Trot 37
J2 2. A% epe] vl Ay A3 gee

Fig. 2. The result graph comparing action type

of Srat wel o] Qo] g vpeldick A 7
o] e A7) 918 S Sl we) 434
B

e = (1.0 — mix) X 1.0 + mix < 0.5 @)

A1 (DA mixE eo] 1.0914 0.5744] & ~E)
of Aoz A4St E kel t7) T3 ~Hd
mix+E = A (8)2 AA

t
1,000,000 ,0.5,1.0 )

mix = Clip
5141 (3 el TR & LoslA] A2Hs1e] 0.57)
2] 1,000,000 ¥ 5] 5t F2 2wl w413
Mo a3t 4 9) - A ()& Az 3
A g} 5 s g, A 0 5] 4 Ale
W e

m(z,) for random (0,1) < e
>

U(ZL) for ramdom (0,1) ©

action =
€

716

H(Zt) formndom(O,l) <€
tion = 10
action {F(Zf) for ramdom (0,1) > ¢ (10)
tion — W(Zt) for random (0,1) < 0.5 (11
action H(ZL) for ramdom (0,1) = 0.5

2l

a3 2+ 47t DeepMind Control  Suite9]
Dog-Walk, Dog-Stand, Dog-Run, Dog-Trot £73<]
A7 A emole). A3 el wRl sk 2
of e ZJk Ao P& FEse] o]

A ER w2 RS 9447 o md e
A Aol g Fe S ST 5 glek =,
W} S} bl 2 2] A o] w7
HAe] gurt o] F& BEAAehe, T4 24t o
% 7b) male So] AaEA) eebr] wiel o



H =2

°ﬂ s OHL 1 *POH o] Ao} v)asle] mdl 7|
" o] E-2 3o g3t 7}\(;12]’ o|EF A
o 2, Z

g3t B 7P =2 e el A8 2
A AR St ARle] AdE, ol AR

&Eoto] A5-& Aohs vlgo] - R oA
ok F7ke, 2l 7]aE AAe] g A ol
317 & 7%, TD-MPC7}F el 7|dk 7Jsfslsro
HE] A8 9= A= E‘%H, %]—?‘sé’ A} 7S
oldE 2| Fsbr] whirell, A wlE 01%% R
W 7E AL Pe-S HEE mined AASSICE

Aljkehs arElFellA, s A9 o] ve2
AP OR ashs o T8l AT el
HFH 0w Az e 4] (12)9F 2k

= (1.0 — mix) X 1.0 + mix X mine (12)

Al (12)ell- mix+= €°] 1.0914 mine7HA &4
2 tof] A8A vt HEE sl oS A (13)
o2 ZAAR)

————,mine, 1.0 (13)
period

mix = Clip

A (13)ell mined} period-= 3t I=prlE =

27} e 53 eo] sl 7R HEth

period °|¥ E"—“%E = 62 mine 2 & Ak

FHoR el A4EE %5 o, 031 Alo]9]

28] g g o disle] o5 22 A (14 o5}
ZAA =]

o B N

. I(z,) Jorx < e
a4 = argmaz %E[H@),W(Z,)](Qg(zt,at))forx > €
(14)

Al (14)= 23 1 Agkels daE]E LA
Epsilon Z274% %3+ sl% Addgoz A=)
Epsilon 70| REGEF 7)9- 74318l ello|dEs
o Ze] AAS yefslA] kol md 7uk ]
"k 37 ;‘4”9-5]"3} Epsilon 718 wk=381#] Hspd
o]F AT} P 71x] muls 83sle] 3o AL

32 2714 Tt EEl 3

ZakgellA] Bl g2 skele) A Y
< 913 HkEA] Saslolo} divk WL 43l o
LR AR ) A e AE S
T e sk, 24 AN BE F M A
] WAL 08 4 2 BEE A AS U
ok 9 38 5 F shoiol U AFs, T9ol
A stge] AYEA ek olF Zstalkre]

=233} kg deyvlela §
o] M ahgo
Ao g F s = %S
Aelglc) o2 gl 35 e vh-e g8-8- Justs}
o, 53} g8e] F3& el 4 gk FAH e
2 7] TD-MPCE 83 A1Z2E9] 3% 714 54
e ©o]F AA TD-MPCE 243+ AE52] % 7}
2 FAZE} A G Rt weba, qleje] =
T (zpa,)°l Hsle] SAF ohg H-52]e] =gk

r
%

zj‘_qJ,]_ Ut—" _Lﬂ ;G
=o ‘35_0_ %Lgl_;g]'ofcw

(Qe(zp az))
15)

Qg(zt,H(zt)) < MAT (1), (2,)]

ol HellAl= Al (15)¢] W &-g-2] HFS )
el ANZe- eF WS AlQkeic)
:Ul” 74k Zpskelee 70346%01] e13)S Aels}

TD-MPC 7]*«] ur‘ﬂ__l‘=° gaste] 574 7)uke
A2 WA BARS Bl due]Es Agkeick

R ifoﬂxﬂ TD- Mpcoﬂ 243k 7] 7|8 Q.

T2l 37141 7k dare] S AAdel|A] X
g ICMS- ARgslsic). ICMS 2] 93} walls- o]
‘}04 A Ao} e 24 PFo= o} A

E A5t CdIEE o AdelE A o Aot
HbﬂM =0 HT Al &3 WA e E Ao
gl

IF“‘

Tewa’rdmfrms‘zﬂ = (h9(5t+1) - dﬂ(st’ a’f,))2 (16)

el Hb= BARS o)A AHExtrinsic
Reward)O]F/]-j/_ S, oo EL] Etﬂ_‘i—lo] BESS)
o= 53 =l BAY reward,,,,& WA 2243

o BAFRS g3l HAalolr

7



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

reward,,,; = reward,

otal — extrinsic

+ rewaT‘d7 ntrinsic (17)

7] 104 wislel] A 2E vl oA 1
A A BARS 3181 glo] Bl Aom 37)4] 7)ub
= AeE Tdssic

33 2 74 % HolE
Aoksls dye|=e] nd AL s|EAHoT
TD-MPC ®el FAJela} 3k Alolshs dare]5o]
wel S A318) - Al22)9F 2k 2] (19) - Al
A a2 A (4ol Aol ol WAL gt
TD-MPCE %3] A% 3¢ ALw= s)Fo|c)

Representation : z, = hy(s,;) (18)
Latent Dynamics : z,., =d,(z, a,) (19)
Reward : 7“2 = R,(z,a,) (20)
Action Value : qA,_‘ =@z, &t) (21)
Policy : C;t = 71'0(,2,:) (22)

Algksle daelFe] 2l 742 TD-MPC2} 7]
2ASE fARRY, o2 A (148 B3 ol AL
Tt AlEEE e ARSEke o] Aol A
BelS AelRt melle] o] B A (23)0.% o] o]
Zlek 44 wdle DDPG dare]ES 44 2d

T2 =20
o|EE 3}

3.4 Mgksh= LUE|E 2AZE
Jﬂ 3—”— B el Alkshe darelsel k2

o s Ao} 82 2o ol B
qhek 2el 7 - 2lal o id ARS o Sg-ae
FHE e AL oJulgi. 2l 109] ofnls W

L

ol 3= Agste] =1 A qlele] EdA RS 3
St sk Zolek 2h]l 14 - 2}l 222 Alske}
€ daElge] 29 qJdle] =S ofrlstar girt

Algorithm 1 Proposed Algorithm
Require:
#: randomly initialized network parameters
B, B: intrinsic reward coefficient and buffer
€: epsilon computed by linear scheduler
T,R: transition probability distribution
IIp: model-based policy
7g: model-free policy
1: while not tired do
2 for step t = 0...T do
3 if random(0, 1) < € then
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5 else
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: rt =gt 4 é
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11: for num updates per episode do
12: Model Update

27 3. Akele daEE oims
Fig. 3. Pseudo-code of proposed algorithm
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Fig. 4. The proposed algorithm and TD-MPC comparison test result graph
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Table 2. Observation shape and Action space of
DeepMind Control Suite experiment environment
. Observation Action
Environment
Shape Space
Finger Box(-inf, inf, (9,), | Box(-1.0, 1.0, (2,),
Spin float32) float32)
Finger Box(-inf, inf, (12,), | Box(-1.0, 1.0, (2,),
Turn Hard float32) float32)
Fish Box(-inf, inf, (24,), | Box(-1.0, 1.0, (5,),
Swim float32) float32)
Humanoid | Box(-inf, inf, (67,), | Box(-1.0, 1.0, (21,),
Run float32) float32)
Humanoid | Box(-inf, inf, (67,), | Box(-1.0, 1.0, (21,),
Walk float32) float32)
Reacher Box(-inf, inf, (6,), | Box(-1.0, 1.0, (2,),
Hard float32) float32)
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