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ABSTRACT

n-step TD learning is a combination of Monte Carlo method and one-step TD learning. If appropriate n is selected, n-step TD learning
is known as an algorithm that performs better than Monte Carlo method and 1-step TD learning, but it is difficult to select the best
values of n. In order to solve the difficulty of selecting the values of n in n-step TD learning, in this paper, using the characteristic
that overestimation of @ can improve the performance of initial learning and that all n-step returns have similar values for @ = Q”,
we propose a new learning target, which is composed of the maximum and the mean of all k-step returns for 1 < k < n. Finally, in
OpenAl Gym's Atari game environment, we compare the proposed algorithm with n-step TD learning and proved that the proposed
algorithm is superior to n-step TD learning algorithm.
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Fig. 1. Environment and Agent Interaction

88 ot 8149 ofd] TuelEE AWt ekt 19 Y
E @32 Tsle] AL 5o 71 n-2® AR 8% 21
2Z BAES 4ulun] AT 5718 Wl 33eIME 712
n-2F AR} S QUEES BARE AT SRS
AT, 4302 WA Y BHE AL 71E -2 AR
% U YRR 2 =R AU YRdRS dusi

35}t st (Reinforcement learning)2 ™Al #d9] st
o|HEZ} SAT} AJeA-gotn AP s AA
Ja—t— RS DA Sl Bsote WS vle= ZAolth
75}t 859 1A 94A2E 4 (Bnvironment), O0]HE
(Agent), 18|11 3H4 T} o] HES] H5 280 A= AH
(State), WFS(Action), BAHReward) 5 57FA7F Qi
Fig. 12 243} oo]HES 4o4g 553 HojErh
ERQl AF] tof|4], ool HE= ' 504 & (Policy) moll
o P& 4,F AHetY o AH 5, = A= B4
= et o714 A r= 2 AHOlA olH 352
& AWME el SEEEEsE FoHnt. o2 H
5.2 B R 2 oo]HEA ALEo] o] TFZ thA
HHERMT o] %t IFLE ATt TEE A AL
o, 73} 840 FE ZRE S0 2R v R3] BANS
FHdistete= 24 H3(Optimal Policy) = & 2H= Zojth
ERQ] AF] ¢ o] FRE W R4 HA G,t Equation (1)
T Zow M H+& HANComplete Return)o|gtil: g+
t}. v €[0,1]= 77(Discount Factor)o]1l 7= o4&

T2 A9 B 251S UEhd A7k = #2ol B2

B0 8 & 7FSXE F1, Tood i 8 B4 G #
o) $YHES FE ATL Wit
G, :1’;“+7@+2+7@+3+"'+'7T7t71R1‘ (1)

=F_,t7G

ool HEZ} ¢ A1) ol Ade solld A2kl B rg wet
Fsste e wF By o AR AW KA

)21 afof kg3t o) oftk

(State-Value Function) V. (s

V. (s)=E,[G]S, =] 2)

T

831, ofo]HET}L tAl-o] o' e soflA B o A
golal I & Jd & et Peopy = 14 BHA 69
7142 P55 712 $H(Action-Value Function) @, (s,a)
23l o o233k Zol HFolsith

Q,(5.0) = B,(GJS; = 5,4, ~al 3)

335t g5 BAE Ak WHoRE IA 7] 7w
(Value-based) 7338} sk<53} 42 79K Policy-based) 733} st
Fo| Aot & =Rollke= 7K 7 A3} e e 7
714 735} si5oA X A . £ k= v e |z o] =
7] e Q5 FHT T, 7 AH sollA FE 7HA jrol
A2l B5E st Aol ol g3t o] EHL,

r&v

7' (s) =argmaxQ(s,a) (4)

oolHE} 55 AFY u FEH(Greedy) B =,
argmaxQ(s.0) 28 P& AP cflo]HE ERE ¥
FOo & shgoto] w4 A (Local Optimum)oll ¥H 7hs
gol Atk o] FAE ddsk= WHOE -IFT(e
-greedy) o] Qlt}. oJo|HET} 9] SEE HHSHA
E5HAY 1—-¢9] ER argmaXQ(e a)?l P5& sh= Aol

o e~ HAL ojo|dE N&Hor Gl 4

124,

ARG FEE FETh oGS ofolWE] so] APDLE
A2 dobA Ty WEg "olme o] dAvtaolct,

2.2 n-A% AR B

Aol P55 7] T Q' E TS WHoRE RIS
Z "9H(Monte Carlo Method)d} A|7Ex} SK5(Temporal-

I e EON
W% 7 4 02 YHolED 9 B
gk AASHE ZHolA Ko7t gtk

2e7beR WL B A5 13 ouaso] £ A
A A B4 62 02 AYelE B go Agd
t}. ol Equation ()3} Zom ojsAEe] F32 AFHA
2 tehit oz 94 w8 BAgolduE k.

ahe, -8 AR ssolA Qo) ol BHle o
3} 2 $4L o3 ARSI ¢, 2 BT ol 1-

AEl 22 HAN(]-step return)®|2}t Stk

Difference Learning)°] $1tH1]
g AR} e 3§

Ol

Giyin E+I+7Qt(t+l r+1) 5)

1-28) 8 BAS ofoldET} B A9 o4 Y5
o A 5. 2 AfE we By g3 1



ol 5o whe BAl oM BE A B o IS e
ALg ] AR b 149 AR SRS Bl 2intct

2 QEolET 4 A, BeplE HL AL T3] 9h
oflmla=o] F7 A7) Zlok ek Holgo] Qick. ofeigt o]
$2 oJRAE} FREA g B0l oz aEe] Lot
2 B9ol BEpIER o] 4TS g

-8 14 BAS BACR St 0o PYolE £4L
T3t 2om, ot S48 (Learning Rate) HERdIT

Q1 (5. 4)=Q(S.4)+alG,,., — Q(S.4))] ©)
E3H 2-28 A7k} shsolA Qo] Adlo|E EHAL e

3} 2,
Gy =R, ”/}i+2+”/2(91+1 St At+‘2) @

n-A8 A7E} 45 Be7IERE YT -4 A7
52 ATt AR n9| gE JAoHA A9T A 43}
Bh&50] ALS =9 4 QTH14]. n>1,0<¢< T—no| 5}
n

(n-step return}> T3} o] FojEct.

£ !
[>
o,
4
2
T
ox

ll+n EJr] l+2+ Jr/f 1 t+n (8)
+ﬁ)/ 62f+rr 1( t+n7Af+n)

w28 37 BAE -2 ol0) 24 1Akl oA
B 7 A QF ol8sto g FA5] HEel &
2 HAFO] Ao g B 4 9tk t4n>7 Y A
o= BE 2 002 7HotH, n-Ad R3] E
LA WA gt

n=28] AR} 5014 Q9] fHlPlE 42t .

rﬁﬁu
r_>i B dr rlr

Qt+n(5ﬂAt>: Qi 1(5:3A1)+‘1[Gr:t+n7(21+n l(SrvAt)] (9)

g, TD(n) €252 stolu-m2tug ng 7|ite=
BE n-2F £ B 7M1 Fol B2 AAtskL o
59 HlolE BHloz ARGRITHIL olF A-7E EA(n
-return)°|2}t AL ThZ3} go] Aoty

T—t—
_/\) Z} )\” lCYYttJrn )\T*[*IGL (10)

A-A 5L ojuase] 2 AHSl 79 EEHor A
At 2= QJt}. mhok A =0o|W, -7 KHAMS [-AHE -7
BAR1 G, 9 At} 83 A=10]9H, A-
7S Wia 22 94 =8 BARl 69 2t o<a<1
o o, 1-28] 724 BAY 7REA]= 1-A0]aL, 2-AF] +3
HAY 7FAle - 071 "ok o8 74 239 7IsAl=
U o ALEH BE 7EA9] 2 10] "ok

n-28 A7E} s uA R TD() 2aElE E3F
HHR Mg 3ok sk= =AI7F ATHI5)

=2z HARS

UE-AR £ HAS BBE Max-Mean N-Step AIZIRt &% 157

2

2.3 Q-learning

738} S50l AHME JUo|ESte Mol o-Zg
Al(on-policy) ¥3e|EI 2.2-%2| A (off-policy) FLe]
F°] Aot -FTA] LALEE2 oflo]HET} °“%E IIH A
ks AR(@E B k] A8 BAE
AHEShe R (EH B0 22 AS Tstal g g_ﬂaa A
ormE|EL = JA3} el Fo] T 74_% s, ox
-ZgA] g1 E0] AAL P Ay} E’r%‘\ PAECEeY
7] wizoll olo|HES] " A%t FF =
o B2g ARSEA, ST e Y g A}o
A 82 wiE & Ak

Q-learningS QI-ZgA] 73} sy LuFEom,
Q-learning®] 1-2%) & HAF 42 theat Lk, 17).

G.pi1 ™ E+1+7maXQ( z+1a) (11)

n-28] AI7ZER} 858 Q-learning®l] Z-&3PH, n>1,0
<t <7T—nof| t5to] n-A" T2 HAZ T2} Zo] A9
21,231,

Giirin :RHrl+7RL+2+“'+'7/17131+71 (12)

+’ynmaaXQl+nf1 (SlJrn’a)

2.4 n-A" AZIXt SF5Q| TitO|E 2IZbd

ol FojA= E 7HA A ZAHE B AT 5VIE W
Qo A9 Fig. 20 UeEhd ] 7kA]9] 5x5 12 =dE &
Aol Jgstalet. 429 g2 Efiolu; o]9 A4,
B 2717F tErh

oe|AE= &, A, & & 479 5= T o+ UYL
B3 oigolgls AHlolA ¥ £02 7= 52 3T de
eI glet v Bhl A”mich -0.19] BAFE WAL, S
oA sl F3 ‘GOl =EshH 1.09] EAS o Oﬂﬁ]
AT TEEC Fig 29 (b) 342 EH Tl =5t
-3.0, (0) 84L& E Tof =gl -6.09] BAS HPLE}
(d) AolA= o] ‘Holl ZEstd -3.09] B/Ad-S wom
oyAaErt FrE

Fig. 32 Ul 7HX9] 5x5 12U S (Fig. 2)149]
hFet 03t 358 ool thet n-2F Q-learning®] A% 2
ot} Fig. 3 (a), (b), (o), ()Y A TH2 Fig 29 (a),
(b). (0, (d) ZZoll tf-ZEh oo|HES] P55 F2L
= e-118Y HAZ ARSI egh2 T Ejrc” Eatil o] 1= s
XJZ—*‘QE 7}5\—/\15;\14 200 Oﬂﬂl 57]' 1:1 E OEO]'
AL, o] IS 100 HPstr. 1ﬂ1£4 Return< 0t
A o g Ao e =4 HAS YEhl®, RMS Errore
troluyd] =2 J#i9)(Dynamic Programming)22 -3t
Fs 7HA Q9] true value®t 3} S5 n-2F] Q-learning
duHFo R I3 P& M @ Bt AlFL HAHRMSE)
£ UEhdth o= ShEES Rttty 18] Adk= 100
W st 4 gE0 B ZEHAE EARE Aol




1658 NEX2|55|=2X|/A4EH U S4 AJAS H10H H55(2021. 5)

T H
G G G G

(@) (b) (9 ()

Fig. 2. Four Types of 5x5 Gridworld

Table 1. The Best and Worst » for four Types of Gridworld

a=0.1 a=0.3
Experiment| best n worst n best n worst n
(a) 3 1 3 6
(b) 6 3 1 3
© 1 3 1 6
d 6 3 1 3
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Fig. 3. The Results of n-step Q-learning
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Algorithm 1: The proposed n-step Q-learning with ()-return

1 Algorithm parameters: a positive integer n, step size o € (0, 1],

2 small € > 0, small ¢y > 0
3 Initialize Q(s, a) arbitrarily, forall s € S,a € A
4 Initialize 7 to be e-greedy w.r.t.
5
6 foreach episode do
7 Initialize and store Sy # terminal
8 Select and store an action Ag ~ 7(-|Sg)
9 T + oo
10 loop for stept =0,1,2,--- do
1 if ¢t < T then
12 Take action A;
13 Observe and store the next reward as R 1
14 and the next state as Sy 1
15 if Sy41 is terminal, then
16 | T+t+1
17 else
18 | select and store an action Ay ~ 7(+|S¢41)
19 T+—t—n+1
20 (7 is the time whose estimate is being updated)
21 if 7 > 0 then
2 G
23 fori=7+1,--- ,min(tr +n,T) do
24 G 1V 'R;
25 if i < T, then
26 | G+ G++v"""maz,Q(S:,a)
27 Append G to G
_ magz(|G])—min(|G|)
» e = X
29 §: = Bmaz(G) + (1 — B)mean(G) — Q(S;, A;)
30 Q(S-, Ar) « Q(Sr, Ar) + @b,
31 Update 7(-|S;) to be e-greedy w.r.t. Q
32 untilT=7-1
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