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Abstract

The purpose of this study is verify the effectiveness of Lookahead-Replicate in Deep
Q-Network, a recently proposed method for updating target networks. Unlike previous
methods, which constrain matching in parameter space (6 = w), Lookahead-Replicate
constrains matching in value function space (vg = v,,). This facilitates learning across a
wider solution space.

Using the imperfect information game ”Penguin Party”, we optimized the Lookahead-
Replicate parameters K, Kg, batch size, learning rate, and optimizer. Then, we com-
pared the performance of this method with that of previous methods. Experimental
results showed that Lookahead-Replicate achieved a win rate of 76.67% against random
players, outperforming previous methods such as Fixed Q-Target (62.39%) and Soft Up-
date (69.40%). Furthermore, we demonstrated that learning is possible even when the
online network and target network has different network architectures, by leveraging the

property of this method that does not require perfect parameter matching.
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Figure 2.1 Neuron.

2.2 Za—3I)Ixy +bT—7 (Neural Network)
2.2.1 Za—A>Y»

Za—nmr (FEEMRD 23 Ao ERER S 2 RO 2 & TH S, Figure 2.1
D &S REEEREL, ARDLDOANEZITID, - PkEITO, EEFESE%S
FElZHo TWd, ANEOMIITHARD =2 —m 6k oTWV2,

Za—ndE e UCHIREAE - 3R - BHRZEED 572 o TWw 5, HIRISHERWEEK
T, EHEMEMEIN2BRETZER L TEEZMO =2 —a Kb, =2 —v Y
DB L FERZHDTH 5, BHIRZERIZ, o= —a 2 bDEEEZITNEX
EHRCH %, MIFADHINTIIDIFE L, TEENCRER X VT HIREDEH N5,

222 Za—-JIIlRxybT7—=09

2= %y b= (NL=a2—7/%vy bV —2, Artificial Neural Network & %)
F. Tur g A ETERE N Ao SN THEER S e, ABO=2—
0y OfMHAZR L= Tt Y EHWTERZITO VAT LTHD, =2—F)L
Fv b7 — 2 3IEREBERDE T ALICERICE L TE D, RZ— VRl Ar 722 b
BEREDOGEICHNSN D,

—a—I %y Y —27DOWER Figure 22 101" %, —a—Ity b —213AN

-3 -



_________________________________________

Hidden
Layer

Figure 2.2 Neural network.
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Figure 2.3 Perceptron.
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Table 2.1 Example of One-Hot Encoding.

Mg | A% | BAL | ORI | AB A
AZA 1 0 0 0
B&XA 0 1 0 0
CZA 0 0 1 0
DXA 0 0 1 0
EXA 0 0 0 1

§
=

T T T T

-10.0 -75 =50 =25 0.0 2.5 5.0 7.5 10.0

v

Figure 2.5 Optimization path of Adam.
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Figure 2.6 Optimization path of SGD.
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RA=RER—=7 v Ay VT —=2IZab—F23FETHS, —/H. FEBIEX—=Fv b
2w MU — 7 2IRAICHEBT LT\ L FE% Soft Update & PR3,

2.3.11 Reward Clipping®®

Reward Clipping (&, 5{b2EITHBT 2 WO WT, Wllz [-1,1]) oFific 7 v v 7
TE2FEDIETH D, QEOBELHREZMGEIL, WENLKET 2RI D 25—,
WM DK/ NZXRITEIRLIRD LWV FRLD 5,

2.3.12 Lookahead-Replicate?

Lookahead-Replicate (LR. Zt#tA B 1% Kavosh Asadi 5252024 fFICHER L7z X —
Ty bRy b= DEHRTNALITYXLTH D,

S EFICB VT, EMRMEREBEEE T2, 207 LT ZLREDLLT
Hi% L 72 2 RETH 5, fIMERIE v OBEERFHMEE, NV VHET T OFEHTH S
T, Thbbo=TobililT I THb, KHBRIRBEMEZROHEG, —a—JL
Fv 87— 2% AORBEECELIC X D, %5 X —& 0 BROMMERER vy 248 T 5 Fik
BRI TH 2, DQNREDHFD 7 LT Y X LIZBWTIE, ¥ I74 %y bT—2
(T X=Fw) ER=T vy b2y T—=0 (RTX=%0) D20%HRL., X—7 v
My b —2 %2 EN (Fixed Q-Target) F 7213 R4 12 (Soft Update) BEH T 5, Z
NHE, N~ HERv, = T 2z vws TBERZEEOHIK) &, MAFDRy b

— 11 —



T—ZRRALANT A= EFHED (0=w) LD 135 X —XZEDHIK ) DX %7z
TEIRHRoTVS, ZHUTKL Asadi H1%. H—OfMEREEEE $ 2 2w B
BOWTRIX—=XZEFTO—H (0 =w) ITBRLHTHLEZ. Kb DIZv = v,
W MlifERIZEEToO—8U 2HNE T2 2 RE L, ZOMREERT 57
DI E 172 DA Lookahead-Replicate TH % o

Lookahead-Replicate l¥L R D 2 27 v 72X HIED KT,

1. Lookahead (5T#t#4)

N2 VHBROBREHNE T2AT v T ThHhb, AV 742y b T =D w
ZEH L. MEREE v, ZHEOHEEEICEES L =5y Ml Tug \EDT 5, 18
REBABE U T ||y — Tl |? ZERMET B0 Z OEEBEF ORI 57 25 O F
B ZEbLROVEDTH %,

2. Replicate

HERIEZE RO FMIC R B (vg = v,) K DT, =D DMIERIE D TR (||ve —
v|[2) BEBNCR B ARE R EEZHVWTR =7y by v —2 0 ZEHFT 5,
OB o432y b =2 wiBEESNS, BIFFIEDI T X —2DEE
(Duplicate) ZHIgEL TWZdDizxf L., fifERIE DI (Replicate) ZHH5L T
W3,

Lookahead-Replicate IZBWTEEZ DD, ROZERM F BERFELID BIAVEWS
HTHbB, Z—4 v bA v N7 =2 BFERRVERNZRHZSE I TRO & 5 2@
DESEHL. BEOMIEEKOE I~ v AR LT 89 X —& 0 DEST
B3, OFNRTRA—RZEETH %,

Faingle = {0 € O | vg = T vp} (2.6)
R—=7y b3y b7 =2 ZFODQON O k3 R¥EHTIEITRD L S RBOEEZFH, X
e Y HBERENZ LDDRT X = ADPRERI—HT 2R T REI N5,
Foair = {(0,w) €O x O | v, = T™vg and § = w} (2.7)
ZAUTH L. Lookahead-Replicate TIX FRD & 5 BBOESEFiH, ~~ v HEE
72U vg = v, BTz TNTRA—=RDRT (0,w) TH 5,
Foatwe = {(0,0) €O x O | v, = T vy and vy = v} (2.8)
2= %y N7 =D XD RB\FIRT X=X EENFETATIE, BRE T —-X
THoTHA—DHEBERT ZEPABETH 2720, ZhHDERITE Fouir C Foatue &

— 12 —



Figure 2.8 Schematic diagram of the solution space.
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Figure 3.1 Penguin Party board.

3.3 Double DQN
3.3.1 iRgE
Double DQN 7 & 05{LF#EFICHB VT, KREZ 0/1 ICHtRL s 5 2 T=a2—F L
Iy b= DIERE R R EE LS Kz D, MREDA T %, Double DQN Tl
H & OFALER, BEER HFOFALEREZIKEL LTHVWS, MTFTOX51R27 b
ML U725 REERHRE L. ARF 273 RILONY L% ASIT %,
1. LAY —DFHL
FALOWKE % Table 3.1 DX S51TRZ b AbT 2, FHICKZATREMED H 2 1 4D
72D DERRKDOBBUI ST H 570, 0~8HDIRFEZ One-Hot X2 P IL TR
T 5, 9X 5T 45 RILDNT ML iR b,
2. MR EHR
MR HEZ Table 3.2 D X 51X PULT 5, Fv AT LT 2= k. K A,
W, %) OF#EE /1 TRHT S, INEE22 v RDHEEL, 6 X 28 v R THERE

=N

— 16 —



Table 3.1 Vectorization of the number of cards.

Number of cards Vector
0 [1,0,0,0,0,0,0,0,0]
1 [0,1,0,0,0,0,0,0,0]
2 [0,0,1,0,0,0,0,0,0]
3 [0,0,0,1,0,0,0,0,0]
4 [0,0,0,0,1,0,0,0,0]

Table 3.2 Vectorization of board position.

Status Vector

Blank | [1,0,0,0,0,0]
Green | [0,1,0,0,0,0]
Red | [0,0,1,0,0,0]
Blue | [0,0,0,1,0,0]
Yellow | [0,0,0,0,1,0]

Purple | [0,0,0,0,0,1]

168 ITLDNRZ bL & 725,

. MHFOFALIER

HEOFAERIIAR LA ¥ -2 68HF 2 22 idTERNY, ZOkD,
F O FABE e RBR OB EOKE R ERE L THZ %, Table 3.1 L[RIEED
FEEZHOTARZ MUET %, L=V LOREOYIIABELTH %k S & Z Dfth
TP B, T A Y —HEHIRTEER BB O FALER & BEOERD SBZ &6
OREETI o D FAKEZ. FIHIRE D 14 M SIHFOFFEIHED S T i
1 %251 <, B FAMENE 15 00, KRB OB EOKENL 45 ot TEET 60 KT
@ One-Hot X7 L TRIT 5,
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Yt
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YIA4Fy b= BEESh, BhEiT— &% LTikbt b, Lookahead 27 v 7D
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Figure 3.3 Learning network structure.
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72D, FXDNA = RFG R =R ZDFFMHHT 2 I I3RETIERVWEEZ LN,
ZDRD, AFETIEINEDANA 28— X —ZITOWTHEICHHEZIT S

3.3.6 FH

FEEZ VR LIF2IOT LA VY —2HF LTT S, FEPOBRIE, 1,000 7
¥ R ICREFOBERIECE Tterations B CTH o 1R R L T2, FEEBROFMETIE, %
BRI VX LAZF2ATO LAY —2HFL LT, 1 577 Y R ZIT - 728
DEGTOBEERFET 2,

3.4 K; DRE
TIZTE. K WWIHEHLTHERZITY, KL ¥ Krp OHIZ 025 ICEE L. K, % 200,
500, 700, 1,000. 2,000 22X €3, KldZHhZHN 50, 125, 175, 250, 500 £ 723,

— 20 —



70 T T T T
il //b/\ ]
-_—

50 == .
S 40 b ]
9
©
£ 30 -
=

20 |- K =200 —— ]

K, =500 ——
10 | K|_=700 -
K, =1000
K, =2000
0 | | | |
0 50000 100000 150000 200000 250000

Iterations

Figure 3.4 Learning curve for each Lookahead interval (K7).

Table 3.3 Evaluate win rate for each Lookahead interval (K7 ).

K; | Kr | Win Rate

200 | 50 | 53.81 %
500 | 125 | 57.01 %
700 | 175 | 69.48 %
1,000 | 250 | 70.07 %
2,000 | 500 | 56.58 %

FEP DR L Figure 3.4 12, FEROFHIRFZ % Table 3.3 12773,

3.41 #HER-EER

HEROWEER D, K = 750, 1000 TIXEE L REEPTORATWSE, —F
K = 200, 500 %° K; = 2,000 £\ K; DVNEWHERREWIHE I, F2EiET
POHBRMETNLTEBD, FEPIPNLEZR>TWAZehbhrrd, ¥/, K = 200,
2,000 T DBZE LB L THITH IR 2 BEEMEL . £z K = 2000 37815
DT A —XDOHPTHRDE, dHIEREOBREZRTH, ZELLEEMMTOATVS
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Figure 3.5 Learning curve for each Replicate updates (Kg).
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1,000 A3 ZEMRBEME D HE D S L EFHERTH 2 Z L 23bDh 5%,
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Table 3.4 Evaluate win rate for each Replicate updates (Kg).

Kpr | Win Rate
20 | 53.09 %
100 | 50.97 %
250 | 70.07 %
500 | 63.74 %
750 | 62.12 %

BROELBRITERLTOWED, BBICRS>TERTFLTED, AMREXKRFETHL T
bbb, iHEREORERE R 2 2. Kr = 250 DBEER 0% e xkdE L. BELTHE
BEIT-> TV K =500, 750 23KNT 62 205 63NFEEDBBER L oTWb, FED
REEIZTR 572 K = 20, 100 135D 50% A L IRWVIRRETH 2,

Kr =20, 100 £\ o7z K AVNEWIHE, Replicate 2 7 v BT 5= F AR
BT2ILICEDRTIRA—RETHITEDT B M TERNED vy = v, B H0ITE
T2 ZeNTET, HhEN2 QELREHRD DI/ EZBNS, K =20
DEE R ORI EREAS R SN B LT, BoNEREMR QEEMFH LT
7813 2 CRANGE L T8I2 2 2 e 3T %, HitoBAEEz -0 Bb
. B2 EOBRIEEWEE TEYTRWIREBIC R e EZA BN S,

Kr =500, 750 L\WoZe K BREFWVEE, FHEBZHEL LI EIZED vy =0,
IR T XD WCHEEDPEATL L EZbND, R L T2 AUHhZHESTHE
MY 72D, 0+ w THITHHHE L WS Lookahead-Replicate D& 1E S & 5 e HHNIEE
AT EZBID,

INHDMERDP B K WITBEYIRHHEOENRD D, Z2Ihro5hs L HREMERT 5
b b,

3.6 NvFHALX
FWT, K, K Bl bMRED R D> 721,000, 250 ICEE L. Ny FH A X% 32, 64,
128, 256 ICE(LXE %, EEH DR % Figure 3.6 12, F R DOFHIE2 % Table 3.5 12

NI
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Figure 3.6 Learning curve for each batch size.

Table 3.5 Evaluate win rate for each batch size.

batch size | Win Rate
32 60.47 %
64 70.07 %
128 58.41 %
256 63.78 %

3.6.1 HER-EE

FEPORREEL . Ny FHA X 32, 64 TIIEELLEETONL TS, Ny
FH A X128 THHEHLE L TV D, B BT 2 BRI 32, 64 DHE & AR TR
W Ny FHA X256 TEHBEMER L TO TV RLN, FHPIRRETHZ I EH
o b, MR OBERTIE, Ny FH A X 64D E . MlE 60%FIRICIEE > TV,
Ny FHAXRTIRELNLE Y ITNVOBDVLL, FEETITED LB TE
THERPMER L EZ NS, Ny FH A4 X128%256 LWV oz KERANY FH A XD
Ba. ZLOV Y IV EEDZ I ko TRFERRFRICH- 72 e BNEZ 5 b,
Kr DRI X —RABDER e Ny FH 4 RBOERERE X % £, Lookahead-
Replicate IZBWT Krp PNy FH A XZRKREL LTy = v, ZCEXBRTMET LD
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Figure 3.7 Learning curve for each optimizer and learning rate.
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BIRAYIAV Iy VY —=DZITADI 5 ZIETERY, ZD XK 4 XDIEHER)
REed7bl. KOVEVHEERTHRERET P TEZ20 TRV e FHEINS,

3.7 ERXERUVATT1I1H

Lookahead-Replicate TIZ& —%"v b2 v b7 —27 AR NEIC X o THEHF NS,
ZDID, *TT 4 <A FOREL FEEIIERNCH G T 2D D 5, REBRTI,
SGD (1.0 x 1072, 1.0 x 1073) ¥ Adam (1.0 x 1074, 1.0 x 107°) ZH#F %, SGD
DM (Momentum) 13 0.9 & L7z, FEP DB %Z Figure 3.712, FEBR OISR %
Table 3.6 1T T,

3.7.1 #HER-ER

FEHOBEER L L, WThOBAETHREMIFEEITON TN S, FHHEiRE DB
KERZr, SGD (1.0x1072) OEN76.67% e HxdE <. HW\T Adam (1.0 x 107°)
B T74.46% . TNETOEBOBELE LD BWERIE LN, —77, SGD (1.0 x 1073)
FEEE PRV 72 b O OFHIRF OBFRIZ 46.55% & FEBiZil L T dROPER Y
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Table 3.6 Evaluate win rate for each optimizer and learning rate.

Learning rate(Optimization Methods) | Win Rate
1.0 x 10-2(SGD) 76.67 %
1.0 x 1073(SGD) 46.55 %
1.0 x 107*(Adam) 70.07 %
1.0 x 107°(Adam) 74.46 %

Table 3.7 Evaluate win rate for each update algorithms.

Update Algorithm | Win Rate

Fixed Q-Target 62.39 %
Soft Update 69.40 %

Lookahead-Replicate | 76.67 %

72 572e AdamA31.0 x 1074, 1.0 x 1075 OMT TLRERNTHEE 21TV, T0% Ee w5
BEWBEEETWE— T, SGDIX1.0x 1072 ¥ 1.0 x 1073 THRICK E R ED =,
Lookahead-Replicate IZB W Tk, SGD IZEERZWEWUNCHFET 2 Z L TRVBHERZE
5 ZeMNTEZ /. Adam 213D 2 FERFABEEED IRV DEFERZRI R F
BLEWZ e bdd, FHETIIET Adam 25D 23 Z e HE L TW5,

3.8 BIFFELODLERK

M EDRERPSRBIED B Do 7287 X — X T4 L 7= Lookahead-Replicate dE
T, BFFIETH 3 Fixed Q-Target ¥ Soft Update # W THE L7 E T L DBHE
Z L3 %5, Fixed Q-Target DX —7" v b v MU — 7 EFAHE X 750, Soft Update D
BEFRENZ 0.001 & Uiz, FETOBEL Figure 3.8 12, FEEROFHIEF# % Table 3.7

R,
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Figure 3.8 Learning curve for each update algorithms.
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Table 3.8 Experimental setup with different network structures.

Case | Online Network | Target Network

Case0 small small
Casel small large
Case2 large small

Table 3.9 Evaluate win rate for different neural network structures.

Case | Win Rate

Case0 | 76.67 %
Casel | 73.54 %
Case2 | 58.97 %

=2k RKEN, ZIZTE. ZNETOEBRTHEHL A Y bV =2 Z/NRAB R
7 —2 (small), 7ty NV =22 KRy bV =2 (large) &R, 285
DAy b7 —7 DA EDE % Table 3.8 TR T,

Case0 1Z ZNFE TOER L FRDOWETDH 5, Casel 3K =7y by P T =T DAK
B A P =L L, T34 03y V=23 Y b -0 DFF e L
WETH 5, Case2ldF 74 2y V=02 KAy FT—2IZLBHL, &—Fv b
Iy NI =%/ Y b DEF L LIERETDH 5, FEPOBZH% Figure 3.10
2. FEROFHIFE & Table 3.9 1277,
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Case2 TEX—7v b2y b7 =2/ NEBEA y PV =2 Z@EHL, A 74 %y
N —ZICKRBIEE Ay b= B L, BRERRBRIEEND, FEPORRE R
28 FRLTWRERTFHARONE 226, ¥HAKIERIIETEIATVWARLEERS
N5, HEEMKE N LZERK & LTiE, Replicate R KR A >S54 12y b Y =27 D
WA 2N 2 =7y b3y VU= LYI 2 ZeNTES, X—F v bty b
T — 7 DRBEDR ML Z I oTeZeBEZ 6N,

Casel TEX =7y b2y P —ZIZKBBA Yy PV =2 %2@EHL, A 74 %y

— 928 —



Input input |273
output |273
Own hands Board Opponent
hands
Input input |45 Input input 168 Input input |60
output |45 output|168 output |60
A 4 \4 \ 4
Dense input |45 Dense input 168 Dense input |60
output |64 output |256 output |64
Dense input [384
output|512
A\ 4
Dense input |512
output 512
\4
Output |input |512
output|168

Figure 3.9 Learning network structure.
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Figure 3.10 Learning curve for different neural network structures. In Case 0, a small
network structure is applied to both the online and target networks. Case 1 uses a small
network structure for the online network and a large one for the target network. Case
2 uses a large network structure for the online network and a small one for the target

network.
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