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Abstract

The field of machine learning has begun to attract more and more attention and is also the latest
direction of artificial intelligence. Part of the reason for the growth of research in reinforcement
learning in recent years is that playing some video games can reach high levels that humans can-
not reach. Using strategy-based reinforcement learning algorithms can better adapt to the game
environment, explore a relatively stable path, and achieve the goal of global optimization. This ar-
ticle studies the Play Flappy Bird game based on the Q-learning algorithm of reinforcement learn-
ing. First, the theoretical knowledge of reinforcement learning is studied, and related theories
such as Markov decision-making, dynamic programming, value function approximation, time dif-
ference and other related theories are deeply studied. The focus is on the establishment of ma-
thematical models of states, behaviors, and rewards in Flappy Bird games. In order to obtain the
optimal strategy, the goal for each state is to maximize the total reward. On this basis, this article
will train the deep convolutional neural network model so that images in the game state can be
identified and classified. The system simulation successfully implements the self-learning of
Flappy Bird using the deep Q-learning model. The exploration probability £ decreases linearly
from 0.6 to 0 in the 550,000 updates. The learning rate is very steep at the beginning, but then it
reaches a stable level, the convergence effect is achieved in a relatively short time, and the train-
ing error is low. The intelligent body training achieves the ideal effect. The average score is 86
points, and the highest score is 335 points, which has surpassed ordinary human players and
achieved good results.
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Figure 1. Reinforcement learning structure
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1.1.2. B/RAIEKARFEITFE(Markov Decision Process, MDP)

L R AT e g 5 1 i R 2 e B R 20 e 35 (sequeential decision) ) — /N ECA I FERIE Y, FF1E RGUIRES
HA Ty R W] SRAE BT R 5T B Re AR n] S BRI s 5 [R14 .

RAI R PRI T —HZ B G, AR MR M, rRANERBFIRE. shfE. g
ML . £ /R AT RE ARSI, B RA A RGURES, RN 75 2 DU B 1) SRS A 9 &R, AT
KR S ENE, X BDIRAS AT IR, BT — €2, 2 JRhBE R 8] A R AR A ]
fit. MDP WIS FLRl e /R AT REE, /R KM -

p(si+1|si’ai’“'730’a0): p(Si+l|Si'ai) (1)

FLAT— I 2 BN AR R BG AT ZPRAS, (HRAHAR S 2 KRS L, BA —@iMsrie. x4
AT S, HX RS2 RO R MR 2R . TR T A A Sy /R n RAR AL &, AR A R m) Rtk
. HRAHIMN S, /£ MDP B Mard, AN 7 —SREEafE. Kk, Sif7amie s I m e, v
F MDP FJE/REFRYER . RN, 7ERET 505 S RO, FORAS b 7R 2R D7 205 BT &, Hoo T35
IERPIRES . 2RI R BESE . fERLIRA b, SEEE B IR m) SR8 b ) FE AR $ILiE (sample path), 7] & 3L MDP [
H2k (trajectory), HAZA:

Af:{SO’aO’Sl'ai’rl'”'sr—l'ar—l’rr—l’sr'rr} )

AR s, 1240 7€ 50K 7 (a]s) BHIE 2 AR s P A B01E . RS A . HT MDP
(Main Display Panel) ) S & FLR A& 82 BA BENLE, DRI A 2 B2 FEALE, HZE0E H 0 A
AU T RIR:

p(Ar):p(SO)lijp<ai|Si)p(si+l Si’ai) (3)

— B, MDP PSR (8] (LT LI £ 5, B a3 & - B RS AL AR )
(11 n P FERE AR T A UL BUBER 2 A

1.2. Q-Learning &%

Q-learning it s AL 2] 1) — RS, B AN R REAA PR BTH R I S 55 AR, T2 28 T Sems = >
FEIXFPSEmE 22 T oh, R REAAN R B R AU AR IAT D, B2 102, & RE Ml I S 36 h 345
B R HiR F K FE I B3E

1) Q-learning Sy ok S il AT M HENI 24 2] Sh el g0, B REMAR AL TGS s1, AT N al.s a2, DU
BRI EAEERL, W LS4 T s1 AR, UEi a2 M7 e T al. % Q(sLal) M T
Q(sLa2), NI REMALESE a2 77NN T — M7, HEREHRIESER K s2 if, BEE FmpgdE, i Q
HIIKAN.

2) Q-learning 5y (1 BB 2R YE Q RIIMith, BINFE s1 v, a2 MELLECR, L2 BT RFTTi%,

Ve
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fE s1RHLT a2, FFRik s2, XIS RAVFMETERH T HREMN Q &, B3GR A ESLbrH REUEMAT A,
MR Be R AR RAE s2 FREUTBRAT R, BB PFMT A — 0 QER, AXWTF:
Q(sLa2) MsZ: R+y maxQ(s2)
Q(sla2)fkit: Q(sla2)

#Q(sLa2) T Q(s2,al), BLRTEFERMIQ(s2,a2), RJGHAANI Y M, HLFTLIFRF)L
s2 I, HIAFHIRN 2D ro ZBUEREW 780D Q(s1,a2) HIME . 7EAFE] I AHTHE AL LS, ATEA
XFQ(sLa2) #EAT . [FINE T EA IS 5t 2 MR 2R, LB FE e, WL Q(sl,a2) #E4T
O, MWREIEE. FR, AR, KR maxQ(s2) Xt s2 IRAHEATAREL, ST 1 HAT R AL
Ja, B EEHHAR. BA AN

Q(s,a)<—Q(s,a)+a[r+ym3xQ(s’,a’)—Q(s,a)}

Horf Q-learning H) Y X AR HEIRAE, BOm AR, FERE . Y A0 B 1 2, YK, B
IR0 R R RS, B X AR B L, 40 R s

Q(s1)=r2+yQ(s2)=r2+y[r3+yQ(s3) ] =r2+y[ r3+y[r4+,Q(s4)]]=...

Q(s1)=r2+yr3+y%r4+y°r5+y*r6+---

2. HHEMESIRE Q-learning H3x
2.1. HZMLEZ

FRZE R 28 SR AR AR 2 B AR SR BB 2 1), L f N R AT 5477, AT 52 4% P SR AT Ak 3
PIBFIE ERT . (R, AR T 2 AT 5, b A EER:.. S TFMEms, HovkE
SERTH PR, AR RS SR AN AT R A B R FUAN RN R, e IR 24l A i e —
ARG TOM EAL (5 B A AR BB NSRRI IZ I RE . M4 X 28 IR TR SRl S i 48 T B A A
Horb, fERRZ R, Lo A BB A A1 4% Hopfield fI4% . BP (back propagation) 4% . HR$E 2% 2 VK 1)
ANE, TR AT 2%, R BRI A 2 RN AR s . Hoh, R BRI A R I 2 A A Ry B R K
ML, WwRE 2 AEFTR, RARGSTRHNZAEHE, HEEMHE. G TZERMmEnNE, K
TEfH E RN Z IS TR Z & E . K, ST REZIEMEINT S, AR A2 ZRmeE.
XFTEAMK S, RARTESREANMETT, FOETTHRERME, Hh~NE 2 HEFERI R
MR EER, HARATEREZE. R ZEULMANE. R, fNRIG, BRE RIS %
A3A 34 24 WET RO “+17 37RO, R AT

LN BE R

AR

=

Figure 2. (a) Single-layer perceptron; (b) Multi-layer perceptron
B 2. (a) BERMEE; (b) LEBRIEE
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2.1.1. BERRH

O R BT A — B R LRI MR P RE . DRIE, O BR K S A A 2R N 2 AE U 505 T R B
AT, EARAN R AR o) e SR AN (R A% PR A 2 BRI P RS R A (A relu S5 BR AL, R IAZE
T relu S R ECTERA B2 T BRI T AYE— 28 155 35 006 B2 I 2K il )

1) Al S A (Sigmoid) ek, FiA:

f(x):sigmoid(x):1 !

+e

—-X

Xt¥ Sigmoid PRI, A AR RO A IEPE, ISk, AN, ERRE R, B
— PR . P 3 FTLLE Y Sigmoid BRI RE SO BN SKEL, IO T 0 B 1 208, BRONFELZ
(8] f) a0 Y IR A S d NPT BE AR IOER, S TG . REEATEN SRR MEZERAN, 5
B RRACR T AR S 7 ORBIEIE . T R RIE -

£(0= £ (x)-(1- 1 (x))

= ——x¥h
— — —tanh#i %X

sigmoid BRI £
0.5F | ———y#h
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Figure 3. Sigmoid function representation
[# 3. Sigmoid R KRR

2) XUAME S AYpR L (Tanh), &0/ 3 s, HEEL N

X —X

e —e
f(x)= tanh(x)_m
B S BB ESAUT sigmoid BREZE . S B RR AL IR (-1, 1], 3X AT LA HY S T R [y
SRR N 2%, T8 SR BEAR SR, AR — @ AR RE RN T R AR A AR SE R R
3) 1B IEZME R [2] (Rectified linear unit, ReLU), & 4 fix, HELX ).

x if x>0
ReLU(X) =10 it x<0

ReLU &30 LU Sigmoid p8 %05 Tanh eR B0 A2 T SE AR 106 5T B e /L ELINAR 1 fei gt I 2% 1
IR, {E A X A R DL T, RelU eREa R BN ZR1E T - RelL U p& ke i H & B,
A BLEAE Y O I R A
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Figure 4. Relu function representation
4. Relu B ¥R

2.1.2. BRMEMLE

BRI — Rt T RG22 2 BN 28, HOR A A 46 WX 28 0L T SL = 4% 454
BEMS PR IL A e, FFEAT DU SLE BB SR IR, BEOS PR ISR 0B 1A) o 5 S0l 2 22 48 RS I 48 B N
fxt %, UREETAREURE, HEMEEE. Kb, SRS MEE T2 ZEmeE, LRSI 4R,
FEXPANGE LG BEAT I SR I, e (IR N R BP Bk, JRHEEMSK LM B, L&A T R
KAE BUESL DL R A2 23], fEAC SRR TR %, /e s A, HRfefasE .

213 BREH

WA FE, GRETHFEE, HEERIBEREMEEN, WANRRELHERA G TRM. H
i S AR (8 B RS S IO R . R Z R, AT DOHE B B HEAT AL .

TEACER G I, e R 77 SOt 2 68 . IRIEFE i e S N R I i, B AME R R A R )
BERIBCEAME . TG R ECE SO RAUE . o, SRR B S MSEUE. H27EAEE
BER. BBRESK, —HFEE - BNER. N TERMENEIN ST, SAERFERATH], M
REVNEAR . flan, nFAFEAKR/NZ 10 x 10, TIFHE G 2 PRF1E /2 (2100 — 10 + 1) x (100 — 10 + 1),
T 6T B (P FRFAEA 100 x 89 x 89 4.

2.14. FBBRZEMELE

WA FE, RSz s ma o m JmimiEss, Hoar DU NRIRES B TR . Hodh, MARERER
FEAZN IR, HARENE AP, a4 e A Zaym b, REEE—"1m. EiXH
HOLR, M ICIEA S BE R &R EUEE S, HIX AT R E R ROEE Mg hfgrh, Hik
it 7 pooling J2. BAZE, “HZIARIIERERR. WTHExms, YR BRI, th
PG EE R E, X R HAE S R . ez, U B TR LA T AR . E
T B A AT I, T E FE AL IS 2 k. TIAE Convd o, ST HAAN T s, HEGEIG
K/NK B %3, AT Conv2 T8, HAHME N 2 x 2 1 Convl. @idixfir, WLAES|EEEE. H
W, SXFF Convl Fl Conv2 (B2 BT 737l 3. 5. MW THIANEUEN &, HESZE 2 & 1, Bk s,

WA 5, BUEIEZE T 1A NGREERUE . R B2 B fAUE AT 32, BT A RS
T RAE T RE RIS T, B — @ MnT B MEGRME ML, HEANPE e HBUE A —FF.

EZZEMET, NTREEMEITmE, EHERY, GRBAEERNTT . UHEN T4
W&, JRERVE PR R A TR, @z B RGP S 4, I BRI AR,
RIS, WA BE, RGBT
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Figure 5. Shows the convolution process
5. AERIIIE

2.1.5. HERHMZMERLEEH
LB MEM g, HONZ R, HA MRk, w1 4 BT IR . 761% /445
Frp, HEZERHAREAE 2 400w, b 3O KRERMAR. Bk inA 6.

7

4

1

o

BRL)Z TRF2UR BBBE TRH4ZE

Figure 6. General structure of convolutional neural network

6. ERMEM LN —IREEHD

BB a MK S, HEANREEIAPR, 2RRTREZUAERE. i, &
BEBIRAG T R BRISE, TX T TREZM S, HEMMHESERNT 30 xR ST
EL, SRR MR E B R ROT SR I. MTRAZ S, AEGmMALE, FHEREENT
AU B =AM IR B SRR LT 2 ARAT, FFIMABUEA W E . f)a, ATELFIA] Sigmoid b
U AT BIRAE 2 JZXE BRI . CAMGEEATHRAE, AT CLR IS 2R 2 J2 LLRCR RAE 4 J258 L [ RFAIE
MRATE . 28], RIS AT YOO AR ER, 5 i A L (8

R, fER—ANBTE T, AL e AUEHTIN S, FINAEMSAST, KA mS 8
LT RWRERIFEAR, SR 2% S R BBl BRAIC. X TEMAMKT S, Habl P REZ MG, &
MRS HAT IR T2, ARG TT e — AR, (B 1% 7 A ECRCRR IR, FIRTZHRE sl RIZEABUAT LRI REAS,
[F] I} 34 B 5 75 BT AL o
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2.1.6. ThAkIH

7£ Flappy Bird Jixk 1, Hg&HIE A B R 284 x 512, FHIN, N T RCAEMEE, B EUIGHT
46, BHAE/NE] 84 x 84, TEIXFMEN T, KUEZEI1E N 0~255. N T ARG, Wil i a1 5
BREAEMEAE S, w7,

= U
—>

1

" FFFFFFFFFF,

>

Figure 7. Remove the game background

B 7. RRRE R

L IBUE I, XHiE R B GO AT A B, BRI IR R AT KA SEPEARTESE . X 400
ity &, FAEREH N ARG, W2 2 A EGET AR, S BN S0 RS 2 4R G HE. K
H, APIAAEIMES UG, SR R s i T B

Hep, BOED. SO OB ANFRNESERR . BOGILZE URERIZ. WK 8.

input: 84*84*4 grayscal

64*1 score action

Figure 8. Image processing flowchart

E 8. EfRAIERIZE

2.2. SREF Q-Learning B3k

2.2.1. RE Q-Learning &3

WRE 9 FoR, fEHBTRISR -, HEEZENEEN 3. BREMESERESH 24, H
AR G B A SIER 7, HEER BB RO M 200 FEXUR BT LS,
AL E Q S 4. FINE DL EAE S, S5 ERE, BN R E LK ReLu. [H
m, EEANMIET, BRH ReLu BUERE, JEbrdEEZdHTHIE LK. M TERENES, Hhikd
FEWE A o RN ZI, o R PR T RE M, B LIS BRI A3 B, AT Af 2 e EE R Bh 1
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Figure 9. Convolutional neural network structure diagram
E 9. EINHMEMLELEIE

DI A BERG FEAR Bk, AT CAE— DRI BRI . fEAR B, Ko SRR R,
SN 3 AN AR R ALGEALZ 705l 2 A 3 A fEEATBINNS, 75 EEXTIELE 4 HiLEE, JFHA
NI EBE. £R1F, #iE TSNP RNBEEM S

Table 1. Changes in parameters of each layer
=1 BESHTK

Layer Output Activation Num filters Stride Filter size Input
convl 20x 20 x 32 ReLU 32 4 8x8 84 x84 x4
poolingl 20 x 20 x 32
conv2 8 x 8 x 64 RelLU 64 1 3x3 10 x 10 x 32
pooling2 8 x 8 x 64
conv3 2x2x64 ReLU 64 1 3x3 4x4x64
pooling3 2x2x64
Fcl 1x1x4
Fc2 1x64

222 MEKEH
SR AL ST B E AR S R B . TIEHEAT Q 2 2 MUk, LIS TS o DRI AE EAT I A
Ry, KA DUR 8072, HAt5A08:
Q.. (s.a)=r+ymaxQ (s’a’)

fE BB A, s F—WURES, a v b —wiEhtE, y 23T, r2Rhh. (s, ) FEESR | IR
1 QMBI Q (s,a) #om o M BBRIEACHT7 A RE W IL BN BOR , T3 2 F AL H) Q-learning.. [AI
T B IR DL, AT LA e B 07 sORFRIE SN B R KL, AT DU AS T FUL BRPRAS HEAT M
o M FEAFRNE, HMARKWEOE so ap ro S,y . FIFBREL SE A ma] DO A . 1Y
BER T B EHEAT T T REAN T
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L=y (Q(s,a;g)_(r+;/m3xQ(s’,a’;¢9*)))z

s,a,r,s’

AL=> '—2(Q(s,a;9)—(r+7mng(s’,a’;@‘)))AQQ(s,a;G)
Hrp, 0 ZVIZEH DQN 241, 672 Q R AEE iS4, Wiy, L Bk B it
S R S RS E . BENLERRE TR, WS R TER . TR L mE, L
FTRIATINGR, UL e RAEREAENAEAL, JRdHAT 19k MIEATIZRINME, HTAFE ¢ FIME, Ik
I AT A B AL AR, X R BOR RN a,, —argmax,Q(s,a';0) . B EH B R, ¢ #&
BE TR, AR 0. I, AT HEEmBURmBmTRErE, TR TR 2, 24153 DON A,

2.2.3. FIEIR

7 Q-learning H, TiiEIL Sy AATIE S, HAMAHIE 2 A EA %V R £X DQN 2 $t
ATAbERE, FAEF B AR R, FR RS TGN . SR, S E L R A
B, AT ARAE RN R A B (s, .18, ) » AT B KAF A B . Ui A7 8 B — e =
J&i, TILAE DQN ST A H I i F BEHLIEUNEZ 5. 7% DQN S5t AT A0 HE, 75 Bt Hilk 72
WIS R . R RITEAE /ML EE R EE e, A AR, FULTEXT DQN S5T E AT, MR
FoHH K

3. KRR SHE
31 MRFREER

BEME R G 4E ] Windows10 45, ‘2% Anaconda3 (64 bit) Al PyCharm2019.3.4 (64 bit) 5 il 4 P3R5,
i python3.6.8 i A 4w 1k, 5 E:1 package: pygame. sys. o0s. argparse. cycle. random %,

3.2. MR

Flappy Bird i xR ERE S P2 — RNy, AT (8] 1 e 5 Al B ATL R IO FDAS [0 vt S PR /KA B, K
NS BT, BT, et AT sl s, SR AR, N
REFE N % 1B (R B I F 15 4 RENS I I P78 IK S 48 0. /NSRBI, ki — 23 247N B34l
FKE BCE R E A ERE, NSIETS, WERSLRIE A4S R . Flappy Bird Ji# sk 5gia /7 i fE an 15 10:

TH6
'

BT

Figure 10. Flappy Bird flow chart
[# 10. Flappy Bird ;2
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3.3. IR RBIRE L

SR 2T (0 R R LN S S A T R RS ), o = ZFOIRAS (state) . 3{F (action) . 2
Jih(reward). /N5 i EARE 2 BTSRRI B 9301, RSN Ja, fHRuut X, 5
TUEB R F PR, NS EAR B

NS PR ENAE IR Ml R S R L KB EANRAE T B R . T S R s, i
B AAIEE).

RS B 24 3 ECREA U  f P AR AR B, S AR /N % (v FE AN 7 BB B, BIEUN S 3R — AR
N T KT B R AR B B AN S HRES, TN K IR B R E I, AR AR
AR R S B ALK AN, A SR, NGBS /NSRRIl 11 Fok:

[ g i 2 B B 2 o g g i b

Figure 11. Location description
B 11 IERER

TEAATHPRES T, FM B LS 2 TAL B8 LSS B 24 B0 B (X (1)) BAR S i el
(X (t=1), X (t=2),+) o HLXFTTX, WTCHREMRE T, D SB B AL E LA ME— X,
AT LA SRS B AR, 7R LI SR RTAE A A S 8. s T 7 A, Mt=17, xR
P A W BORIF S (t) B, ER N T BEARIRES 2 I IR/, A R i e A IR . 3l sk 23 4 T B
R, WUR SR T BRI G EE R, WA B A . AR W R FGRE (R B, AT RASR
RIETH 2. HAMAKDIR R, FEE TR IR, . MIEARNE, 2k
RIS HIA, A5G rewardPass I rewardDie. 1 ¥ M3l R4, &N 0.9.

4. SCRUEERITH
41, NEEH

BRI S H0%E : 1 Flappy Bird sk, HAFFPRERC 10 Wi, 10 75 0 Sl i) 4 wigk AT b 2e, K5
HAEEFHIRE . B, y=09; XTI REMS, rewardDie =-1.0, rewardPass = +1.0,

DQN S48 S FHREME e M5, UHEHEE A 600,000, BEiF 2 0.6 KA 0, KA AL
Yoo W TRBERE BT S, HEWCE R /ME A 20,000, Firr, 44400 BRRBOAF) 500 KRIRHE,
TN R (7 AR FRAE A 25 R B BE . B KT 100, SRR HAREY 0 IS H 2T
FHSLIETFE T
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WSS H: R B RS B0 DQN S 8047 85T, it 2% 21 % 1e-6, 1=0.9, 2 =0.95.
I HUARESME A JEAL, #E AN S H . IR RAE RSV E BT 8 . T AE S AR EAT AL BRI, AL
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Figure 12. Example game scene and its corresponding score
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(a) After 1st conv layer (b) After 2nd conv layer

Figure 13. Convolutional layer activation
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Figure 14. The learning curve of two different loss functions
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Table 2. Player scores and DQN algorithm scores
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