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Twice Sampling Method in Deep Q-network

ZHAO Ying-Nan' LIU Peng' ZHAO Wei' TANG Xiang-Long!

Abstract One way of implementing the deep Q-learning is the deep Q-networks (DQN). Experience replay is known
to train deep Q-networks by reusing transitions from a replay memory. However, an agent needs to interact with the
environment lots of times to construct the replay memory, which will increase the cost and risk. To reduce the times of
interaction, one way is to use the transitions more efficiently. The cumulative reward of an episode where one transition
is obtained from has an impact on the training of DQN. If a transition is obtained from the episode which can get a big
cumulative reward, it can accelerate the convergence of DQN and improve the best policy compared with the transition
which is obtained from a small cumulative reward’s episode. In this paper, we develop a framework for twice active
sampling method in the deep Q-learning. First of all, we sample the episodes from the replay memory based on their
cumulative reward. Then we sample the transitions from the selected episodes based on their temporal-difference error
(TD-error). In the end, we train the DQN with these transitions. The method proposed in this paper not only accelerates
the convergence of the deep Q-learning, but also leads to better policies because we replay transitions based on both
TD-error and cumulative reward. By analyzing the results on Atari games, the experiments have shown that our method

can achieve good results.
Key words Prioritized experience replay, temporal-difference error (TD-error), deep Q-networks (DQN), cumulative

reward
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1: HEEHIE Ao ~ mo(Sy) (e—greedy)

2: for t =1 to T do:

3 MEEPIRES S, KGR Ry, 253K
ZIRASHRIL done

4: RFFEAR (Si—1, A1, Sy, Req) R R &
o koA, T 24 R0 28 I P e R AR B
Pt = Max; ¢P;

5: if done:

6:  FFhRFEEIE H, EE R
: ift% K ==0and t > size:
C WEARAEM B JTe s M
: for j =1 to M do:
0: BRIl BRI Gy = S v R
1:

7
8
9
1
1 P 1 e p; = G + €

12:  end for

13 WAL 250 E

14: for =1 to N do:

15 REFA L~ P() = pt/ S, 0

16: FHFH) T PR 2 i B

17:  end for

18 IMESE LK B AR N

19:  for j =1 to k do:

20:  REEREA e~ Ple) = 50/ X, 50
2 I AHAEEMNAK w =
(Np.) P Jmax;w;

22: it & TD-error: 5. = R. +
vq(S;, argmaxa,q(S;, a,0),07) —q(S., A.,0)

23: BRFEAIL I Pe]0c| + €

24: FERBE A—A 4+ w.0.Veq(S., Ac,0)

25:  end for

26:  HHMEIE 060 — nA,A =0

27 it % L ==0:

28: 6- =20

29: JEETF— K A, ~ mp(S,)(c—greedy)

30: end for

KT IRV REE, FYETESE 3~ T DRk
MNP IRAFE 2R . FE55 8 2 rh I s I g:, Il
GRETHIWT S AT A R KT size, IXHLAY size 45
H e p s b &, H & 25 A ig—
SEREAR, J ORI 55 9~27 L Uk
FEAR. H, 55 9~ 19 BAFERNE 0. &
St BT R R R, BiTEEHR, &G
EFSIORFERAR R, 285 15 ~ 19 PARBEIL L
KN NI B 5 19~27 22k
FEARMEMIN R R, 5 23 2115 TD-error F ]
{42 Double DQNM 83k 53Chit43 75 28l DA
DQN XM R At 25 28 2 5T H bR 2%
ZHOIRE, &Mk DQN WS —o ik, KiH
T 190 28 0 24 T 0 28 3 T, (45 E A 190 45 14 AL
HAE— B[R N OREFAAE, AT EAS H Rt 27
— BN AN PREEAE, S I Rl AR SR E

BRURIE Q 22>) PASh, A1 2 5k 2] i
SARSA #3381 Actor critic 2¥:BY 80T AR A
235 1Oy ORI AR 2, bl SoE . &
5 e O 2 R R A CR AT 22 T, N B M 20
IR A SO B IR B R A IS
F T A K 3] 28595 [m] i 1) 5 Ak 27 > AR A e 0t

.
2.5 BIEEHRESH

RS R A Ny, R
G L, B AR 914 gk BT R 2
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K, R EFFE R XA TS 1 S g
FEMAE A sum, AL e/ IME N €, 1 €
sum 2 [AIFEALIE— 4L random. 2 T ik [ B A~
FPHNEEE, Govt i I 2] )P ST Se gz i, sk
T random, MIEFXAFH]. k&g M
AT, REERTIVECR R N A %07 2
FRAE S, BHRIE A2 O(MN).

=N e S Sy VAN 2L b R AR Y w2 oA L
BRBERAETF IR N, PP HE K AR
A, WL NEE AR KN, X BERH 55—
B4 7] B4 SRAE ¥, MRS RARREAR SR m. W]
BRI AR O(mKN).

55 1 Nl W O = R s N N N T =S
O(MN) + O(mKN)). T 2512 & EE,
WA SCHE W 7 s AT I [ FE DQN | 25k 78 v 3
AARFEAAE.

3 FWERSH

3.1 EFamt

A 3CHE openAl Gym (https://gym.openai.com)

R Atari JiEkF G PETSCER. Atard o G 10
BAWAFE A 1) UXAEBAE R A, 5 NIl
M A 2) R AR R, BT ShiE
. RMEZREE 1A IR YA ) I8 Az AL BE
Atari & _ERF PR S AN A 3 Fras. Atari o
B AR TR S B R

(a) #

(a) Alien

(b) RATIEHN
(b) Bank Heist

(c) #T %k
(c) Breakout

SLIGTE (T & 2 Dell-T630 T AEN;, AbFizsh
W~ Intel(R) Xeon(R) CPU E5-2650 v4, RN
3 Hr GTX-1080 TI F1 1 H GTX-1070, TAEu;NTF
64 GB, #:/E £ %5 Ubuntu 16.04.

32 LWBHRE

AR M B ITIE P — SRR R, [
PP RAE R, P R L D, Sl REA R &
ZHEME, DQN UIZRAHL RAE 2 W & (AR HOR B
FR P SR /N B 2 Bt A R, 3 BB ORI 1)
AR, BB T I TR . T IEE 4 T A R
B, FEFErAF BT 6 DAY 7 51 R FE RO UEAT
SR BEANSERNEAT 10 K. BIARF iz AT I A A
PRSP EETR 1.
F 1 PHAF FETEA R RAFE RS BCR A1 1247 I (8] F

RRELVE Eln iy

Table 1  Average convergent step numbers and

consuming time using different sampling episode numbers

in cartpole

AR5 B SEYJIBATEIE] (s) ISP R
8 455.7025 79251.0
16 491.0820 71950.0
24 498.1949 69188.8
32 527.1340 68543.8
40 541.2012 63 389.2
48 567.1340 64 344.3

18008
200008

(d) e
(d) Centipede

(e) P NEAT
(e) Crazy Climber

e ———
(f) 77 (QWCHET (h) I T (i) FAABTER () 3K
(f) Enduro (g) MsPacman (h) Pong (i) Private Eye (j) Robotank

K 3 Atari JEHaRE

Fig.3 Screenshots of some games
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M 1 DA, B RAE PSRRI,
TRIBATIN TR WAL K, SIS Rtz wisib, =
e RAEFP A BT 40 1, DQN (- F i Sb £
G, B AR 2 R 1 B R T R, D 2> A
TRGHB LSO I Se 56 MO 35, BE 8 S AE
TR PR RAE PSR B B 40.

DQN R UGEAHT, A EBERARE S iRt
AR 32, Pran Ty WESY 0.99. R T
B Ay ot 5 I ) A RO i 23 B e 2, i 4
Fos. FEVGRIT IR I BL, RN T e BURCKAHE, F'fE
PR AE R AR R R, IS, e BUR/MIIfE. &
REPAR USRI A1 ST A SR

1

0.9
0.8

The value epsilon
© o o o o o ©
S T R

T T T T

(e

0.5 1 15 2 25 3 35 4 45 5
Frame %107

o

K4 e (AL HZ
Fig.4 The value of ¢

AR SCHE I IR SRR, EER IR R
[ 52 A /NSt B HE AT SRR B — N /N 22 56 b,
TE-F3 BR AT 2 2036 101 M i)y 3 L v AT SR, XA
Ty ¥ S S 2 56 B B R ) 2 AL HE T, AR Je 45 [m)
R % B T 0 (] i S e A LA 2 5 W f TD-
error fHBEKAREAR, T AR SCHE H 0 05 ¥4 56 0 563308
S0 7 Aib B 3R A ) B2 A (R R 4% K [ if TD-error {H
WA FEAR, X B RE A I 25 50 A e A A A
BEAS. AEFEAT R LS00 2 1, 1 kiR (Cen-
tipede) X ANERE, %205 fRE A HEAT T 40T,
WZRi 2L AN 5 iR, BEAbR A A B R, YAkFR
V-3 BRI . AT IS FERE A T AL B Y (] 4
FFEAR TD-error BAS 1. KIS AR b 3 — i
ZI A MR R, 0% F R FEARE) TD-error
EANFAL 51 B R HRAE, B TD-error MK E]/INIE
P, U REA By 10°, B TD-error {HE
KEYHT 3 x 10° AFEAR, JHAFEI BT AL 5 3151 2
R, X B BC SRR 4 x 107 A1 1.6 x 10®
WA 2 20, R 5 B B LR . BRE A
1 SR AR B i 0 Sl 22 i L AR L an 1 6 (a) AT (b).

P 6 AR BR AR AR T AL 3 51 3R A5 1) B AR 4R
YALbR A REAR R, W AR B, ZEFEAR TR
B A 40N, ] i A AR — A R A BT Ak e 1)
SREREB, RIALTF B A MR A (AR AR, 3X 35y
FIFEAS 2% DQN I ZRTEA fE R 1R A4, B
A TD-error {HAK, [FIHF AL 751 S8R ] H B K
e JoT AR A A S 235 R 3R BH B A 3K T o 1 o )
AAEWER W GRAS R 2B R AFAE ). $T G (Break-
out) FIH T A (Robotank) 4 FHEIHIS, 15
HEREA TS SN A 6 (c) A1 (d) .

5000
45001
40001

=2
g 35000
o]

de ri

30001

150

52 500{;

5 2 000F

Average

1 500F

1000} ¥,

500
0

02 04 06 08 1 12 14
Frame %108
BSR4

The training curve of centipede

Fig. 5

AR SCHR 7 VR B S REAS L Hh e R AR T 4R
MIFEAF S, FEAGX L7 51 it TD-error KAYAR
A% DQN IR AR 5 Hl Sl 2. XA &
PIRERE, — UM HEAF SIS, Ji— R TED
PR REA 7 51 FPOR AR AS AT B 0 R AT i 7
PRI, Se MAEAS T 4% TD-error KIHE
A%, AR TS B 1R 7 51 1) 2R TR 4R A R/
X Ce R A BEAT IR, WA REIR R E DQN
WSO FE A ACR . T 1B AT 552 56 >R 36 TIE A A SR A M
Fexf DQN WSS 18 M. kg 7 ol e 436 51 20 31
7 10 YCSER, FER SRR R AL B A 100 000. 52
WERIN T 3% 2. LY A KR, A SR IR R
AR IS 1 SE e UL SUECR -

2 FEATERRIF AT HESSS: (PATFT)
Table 2  The comparison experiments in different

sampling order (cartpole)

FEA PRI 7 10 IR RILSIEL PRSP EL
Z A HR-TD-error 1 61024.0
TD-error- Z 1] 4 5 63010.0
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6X104

6 x10*

Frequency
[\ ) +~ W

Cumulative reward

(a) HRIWA (4 x 107 frame)
(a) Centipede (4 x 107 frame)

Frequency
w

20 30 40 50 60 70

N

Frequency

—_
—_— N

<o
W

0
20 40 60 80 100 120 140 160 180

Cumulative reward
(c) F 4k (10° frame)
(c) Breakout (10® frame)

&l 6
Fig.6 The distribution map of samples

3.3 XTEEsCIg

730 #E Double DQN (DDQN)® A5k 4
¥ l7% (Prioritized experience replay, PER)EY ff
Xt e, Hor DDQN 3= 22 AR FE 250 1 Fifi
MLIEBEREA, #4715, PER 2 EAR 2R A
i A i) TD-error MERILES, RIETEEKM A
TERFEHUR AR R, A ENEAE PER ELAl 3G
TXFHRAER R, 3T TR R AR, Bk
TN PRAECLTE: 1) BRISGERE. 2) BHES 2 AL
R . SER G & 7 s, /T BEAR
bR R A HIREL, AR AT R AR . BHE 7 Af
PAE i, ASCHE ) VA S L SE 256 [l URT Double
DQN A0 T, o8 2 B3k b Be g o HH 5 py A8
HREGE A R 735 B e, AR SGEEE LT
XA, R B AR ) B W SR ] DAE B 2
BAgE, R, 45 x 10° BB AE—K
IR S5, FR BN L il 2 v f v R IR— B 2 AR A7
IR S B E R B LSk mg, SR )5 A SCHk [35] $2
PIVEN T3, WA TLBIEPEHr (No-op action) >k

Frequency

w
T

~
T

[
T

0 10 20 30 40 50 60 70 80 90

Cumulative reward

(b) B2 (1.6 x 108 frame)
(b) Centipede (1.6 x 108 frame)

~

w

[}

1

% 2 4 6 8 10 12 14
Cumulative reward
(d) g A% (10° frame)
(d) Robotank (10® frame)

2R A A

PO RIARR R R USRS O UL . R MIAAE
1~31 Z [ FENLE— T f, FEFFIIET f A
AT IR, PRUEEES P SA AR R AR, R
RINT e BWHEIK 0.05, F8 a4 B 2D s ms S AT
100 AN78, BUFSIF-391555, A0 PR SR 1Y
4. TR A B AR 80T 55 1,
N T HESE RERSTEA R R AT LA, A K (9)
Xt BT I — Ak

SCOT€agent — SCOT€random

SCOT €normalized — (9)
| sCOT€human — SCOT€random |

Hrr, scorerandom FFREMARANLR H ShEMS 21/
548, scorenuman TR NFEL FHIIR5T, scoreagent
R R A SCE 24 ) B BRI A B 8 A
L FABEHLF BE AR 1) 15 2 Bl ok B T SCHk (7],
DDQN H3kp9455r % B T 3CHk [35], PER S5
432K BT SCHR [31], Hoh A SE R 5 52 B R A [,
PASE bRl A . WHIH—1b 2 5 B Bt AT et 15
F|% 3.

BN B BRS04 B, BN
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Fig.7 The training curves of Atari games
. 4H . N 2. N 0ok — Ay
H—A550 & 5 FR. JERIAE TAEIX 26T Xk, B RE A H A e WA B i L

ASCHE I R AEFT G B (Breakout), 172K
fi% (Asteroids). B (Centipede). #H5k /% (Rob-
otank) 2kt R I 4, BB IS B w1 o k.

B —, BRI TH KRN B i 3T R B, X RE 3R AT R
] 42 38 K 18 Py AR T 2R 45 2 BRIl 4 /N I 471
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RV TT LA R )i AR 3RS Y, A3 0 K O (A 3 SRR BRI

A 8 (a) ) , I Y (ﬁn K 8 (b)) , W KA (ﬁn & Table 3 Summary of normalized score on all games
8 (c)), LCHETRHRTEA BB I 7 5122 ] A e e rerm
BRIE KER, BRI PR X — -
AR ROk, BRSO AEam Ry IR AR 00O AT
R
F4 ETITRE RG4S
Table 4  Scores on 12 Atari games with no-ops evaluation
TR BEPLE el AEEHRK DDQN PER AT
Alien 227.80 6875.40 2907.30 3310.80 3692.30
Asteroids 719.10 13156.70 930.60 1699.30 1927.30
Bank Heist 14.20 734.40 728.30 1126.80 1248.20
Breakout 1.70 31.80 403.00 381.50 533.01
Centipede 2090.90 11963.20 4139.40 5175.40 5691.30
Crazy Climber 10780.50 35410.50 101 874.00 183 137.00 185513.70
MsPacman 307.30 15693.40 3210.00 4751.2 5313.90
Phoenix 761 7242.6 12252.5 32808.3 39427.4
Pong —20.70 9.30 21.00 20.70 21.00
Private Eye 24.90 69 571.30 129.70 200.00 265.00
Riverraid 1338.50 13513.30 12015.30 20494.00 14231.70
Robotank 2.20 11.90 62.70 58.60 66.70
#5 AWM GITEER
Table 5  Normalized scores on 12 Atari games
s DDQN PER ARy
Alien 40.31% 46.38 % 52.12 %
Asteroids 1.70% 7.8% 9.71 %
Bank Heist 99.15% 154.48 % 171.34 %
Breakout 1333.22% 1261.79% 1765.12 %
Centipede 20.75 % 31.24% 36.47 %
Crazy Climber 369.85 % 699.78 % 709.43 %
MsPacman 18.87% 28.88 % 32.54 %
Phoenix 177.30 % 494.40 % 596.59 %
Pong 139.00 % 138.00 % 139.00 %
Private Eye 0.15% 0.25% 0.35%
Riverraid 87.7% 157.34 % 105.90 %
Robotank 623.71 % 581.44 % 664.95 %

(b) FK 1T
(b) Get the recharge

K 8 Riverraid JiErkak &l
Fig.8 Screenshots of Riverraid

(a) TH KA
(a) Destroy the enemy

(c) WK
(c) Destroy the recharge
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