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Multi-task Reinforcement Learning in StarCraftll Mini-games
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Abstract: As a new domain for Al researches, StarCraftll becomes more and more popular. However,
training Al agent to play StarCraftll in human level with human-like interface and limitations is a challenge.
The state-of-the-art agent from DeepMind can beat some professional players, but not the best one. We
believe that Al research will achieve a new level if Al agents can beat top-level human professional players.
Meanwhile, the research on full game requires the huge amount of computing resources which are unavailable
for most of researchers. Thanks to mini-games proposed by DeepMind which are based on subtasks from
full game, starting from mini-games is an easier way than full-game. We implement the state-of-the-art
agent architecture and algorithm, then test the performance in single-task training and multi-task training.
Experimental results showed that different tasks affect the performance of multi-task learning.
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2. BIEMRE

2.1 Single-Task
2.1.1 PYSC2 and A3C

AR =277 11D 3D P ST — LDIREE EE
WZEHI S 5 DI L\, U Blizzard Entertainment &
DeepMind A FA%E U 7z PYSC2-StarCraft 2 Learning En-
vironment [1] T feature layers &\ 5 3D {4 % iR 1k
T HNEE PRI Nz, KE L DT B & spatial fea-
tures(Minimap: 7 feature layers, Screen: 17 feature layers)
& non-spatial features(General player information, Con-
trol groups 7% &4 T 10 M) AEET 5. AWM TV —
Y — L OXHEE N TFAZ T B MBEDBH B D T action space B3
1 D ® action function & D action arguments DI T
EFRINTWD. Action function |F2HBT 549 FEFEL H
Y, action arguments (¥ 13 FEfEN D 5.

Vinyals O, et al [1] 22ZF U 7= FIEIXBEFHAFLD Asyn-
chronous Advantage Actor-Critic [3](A3C) ZFIHL, 3D
D3 N7 —I4iET single-task DAX—2 57 M1 X
=T LEFHTLIFETHD.

A3C X Actor-Critic DS TEBODEREZHEL, Hd
IZ, Actors 28 Critic S DEHID Ay N T —INF XA —X&
B THEHT S, RIE, TNENOEREE TR FEAE
1T, n-steps B XU 1 episode HHE T T 5 7= Iz Al & &
BL, Critic IZJ9. Critic 82N 5 OAEEHAWTNRT
A—REHEHFL, HTLWRT A =K% Actor iIZIET L WS
LA TH B.

Atari-net, FullyConv & FullyConv LSTM ® 3 DD % v
b — I REEPREI N
2.1.2 IMPALA

Importance ~ Weighted  Actor-Learner  Architec-
ture [4](IMPALA) X A3C ® ECTHE L =¥ B %
EREENENSFIETHS.

ABC 1T TV BHEE 2R > TWB M. Actors M iRER%Z
E DB THABEE 2T, FEIZRINT 5 learner
M4 actors 7 5 D trajectories(n-steps @ states, actions,
rewards), batch size 3 &80 % L EHEHT 5. Actors IFIX
@ n-steps DA F B ETIZ learner DFFD/8T A — R % ffio
THHT 5.

SNVFRAZERO I =a—F N xy MU — 75
EEHETLEILETEROR A NEYTELMHMAT

»% [5]. IMPALA TIZ¥&E %175 learner D=2 — 7 )b
Iy NI =2 %ETEIETIYNFRAZFRETEET
ZDFAEETH H. SCHR [4] I& DMLab-30 & Atari-57(57
Atari 2600 games) TYINVF R AT FEREITo72. I F
RAZFEOWREIT ASC A ETH D Z W ghrotz, L
MU, Atari game DY > IV R A7 HHFFERIZ T ILF R A
7GR E 27 0 kA 5.

2.1.3 RDRL

BONZIMPALA 2 AX—2 57 M1 I =4 — LTS
BWFFEIEARWISE TIE72 <, Relational Deep Reinforcement
Learning [2] DX TH 5. ZHUTIATIERDFE R BN A
VAOLONERBEEZ ST 5 2 8 T, w7 A —T
A, FEGE, PAREZHLELTWSFRETHS. Sk (6]
AHEZE U 72 multi-head dot-product attention(MHDPA) (&
H\WT, relational block &\ 5 EMREL, HEOD
relational blocks 23 # ik X 417z relational module % i\
T, FilLvw=a—Jxy b —IMEERRELZ. BT
51T, USRI NZx Y M7 — 7RG IMPALA @
HAGLETHS.

Xk [2] & Box-World ¥ AX—2 57 ML I =7 — A
TODBRBTY VIV A A2 K% LTz, Box-World TD
FER 1L, relational module Zf#5 Z &2k D, HRHED D
BWRT = VADBBRINZ, LIPrULAEDRS AR —
777 M1 =7 — L TDOFEIL relational block % i 5
I —Yx Vb (relational agent) IZfib72\WT—Y x> |
(control agent) LIEWWRT 4 —< YV AWBF LN, BT D
IZ, relational module Z{# 5 Z & T, I=7"—AD single-
task 87 A =% Y A& LA SFRP AL TH L. Mo
FiEERZ &, 2019 49 A 26 HBTE, single-task §%iE
T, =% —2L® CollectMineralShards, DefeatRoaches,
DefeatZerglingsAndBanelings & FindAndDefeatZerglings
DLk 7 v Fx v 7 (1] O xR LT\ E. Bz, At
7%1%, relational agent & control agent (FAX—2 5 7 b
I I =% — A single-task D& & v b7 — 7 #id & 8
U, control agent % baseline & UC, ffi5E%&1T->7=.

2.2 Multi-Task
HoI—VzV M EBORRZZA%EHT L0
1F, 72, NIXBEHEBO#ETHS. MERD—DIL#
S RATDreward DAT — IV E RN RKELELEDLB L,
FHRENT A=YV AHE RV EL 5252 THD.
7272 —HRRIZ clip 95 &, &l policy & & <& S ARNITIN
T BAREMEDH B, T, Preserving Outputs Precisely
while Adaptively Rescaling Targets(PopArt) [8] A3fgH &
1, value-based LD Q-learning with a deep neural net-
work(DQN) [9] & U Double DQN [10] & flAEDE T,
Atari-57 TEERE 17 > 72 (multi-task TIER L, Y7L
Y PDNRIA—RTHEBDR A 2 2ETHILTH
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Table 1 Mean scores for StarCraftll mini-games.

MoveToBeacon  CollectMineralShards FindAndDefeatZerglings DefeatRoaches
Relational agent [2] 27 196 62 303
Control agent [2] 27 187 61 295
. FullyConv LSTM (1] 26 104 44 98
single-task Human Expert [1] 28 177 61 215
Control agent 52 21.64(1.62) 117.47(8.13) 51.71(4.94) 147.03(83.20)
(18, 25] [97,134] [27,58] [37,333]
9 tasks 23.49(1.62) 111.97(6.98)
20, 28] [91,129]
sk A1) | 3 meTLey ey e
4 tasks 1.47(1.24) 25.94(8.40) 16.94(5.04) 148.97(77.94)
[0,7] [8,43] [2,24] [37,314]

%), —HRiZclipT B0 HEVRVWFETHS I L %L
L 7=.

SCHR [11] A%, IMPALA & PopArt O FiEz 2 U7z,
Atari-57 & DmLab-30 "D DBRE T IV F XAV %8 %
FoT, AV YF LD IMPALA & D <IVF R ATMHEREN
BWTHDBILDnhol.

3. =B

DeepMind #:2MEH L7z I = —Al3RED =y b D
M, VY — 2D, MK EHWIBELR LT T D
NRHd [1). RAZHETABBEIZHELZ. ThENE
1. Building task : BuildMarines
2. Moving task : MoveToBeacon
3. Collecting tasks CollectMineralShards ~ Col-

lectMineralsAndGas
4. Fighting tasks FindAndDefeatZerglings  De-
featRoaches  DefeatZerglingsAndBanelings
Ths.

BEFFHED control agent [2], baseline & LT, 4 DDA
X—257 M1 =% — 2 (MoveToBeacon, CollectMin-
eralShards, FindAndDefeatZerglings, DefeatRoaches) (Z
BUBIYYINVNRAIYE, 2RAT, 3RAT, 4 RAY
DINVF ARV EFEEIT->7-. FTHEEFRFRD =D, K
2R T D observation I spatial features(Minimap: 5 fea-
ture layers, Screen: 7 feature alyers) & non-spatial fea-
tures(General player information) T®» 5. [ UJHKA T,
control agent [2] @ 12 J& 4blocks @ deep residual model
DD HIZ 6 F 2blocks D residual model 23{FH T W
5. R1LBBEHEDOI =T —21lBII5FThThoF
BHEARZMT =Y ¥ h®D 30 episode D Mean score
Y, REOZEHBFEALTL—T 2 D 100 episode D
Mean score(standrad deviation)[Min, Maz] \Z72%.

E B C A U 7z library (& pysc2 2.0.2, dm-sonnet

1.27, numpy 1.14.5, tensorflow-gpu 1.13.1, tensorflow-
probability 0.5.0 T 5.

3.1 Single-task

Atari game (238 | § 5 IMAPLA & 9 TIZ open-
source* 27 o 72728, T D I — NIZED\WT, control
agent [2] ZFEHEL, AX—27F 7 MILITHEATES LD
WEEMA T,

Single-task FEERXFHIZ L 72 I =% — L1k MoveToBea-
con, CollectMineralShards, FindAndDefeatZerglings, De-
featRoaches TH 5. TN TD Single-task Skl 1 learner,
32 actors T & L T, CPU: AMD Ryzen Threadripper
2990WX & GPU: GeForce GTX2080Ti 2 & K-> T3
FHEBEY—N—28H%2HWVT, 1HIZ1 learner & 16 actors
ZREL, B 181216 actors ZET 5 Z & THED L 7=,

IS -LEIEARE UCESFEANZ 4 EEO X R
Mol b 1HETOERNZ L THS. CollectMiner-
alsAndGas IZHEER U 7228, [IE T & WA B KB
REBHILZ., ZOHAD~O, CollectMineralsAndGas
D I = — LD multi-task FEERIZ B BEZE RN T 4 —
Y UAEL EBE LD T, CollectMineralsAndGas %45
FlOEBERPSWRI LIz, F—LDHOhr S-S L,
BuildMarines 1% CollectMineralsAndGas @ L T/E S 7z
£ DROT, FABRTHABR S & 4T 5 A HetEd @, )
IZ, BuildMarines ® 5 [ D FEEH R SFRAN L 72, Fight-
ing task M DefeatZerglingsAndBanelings (&1 Fighting
tasks & R B &, FRZREDI WD T, FEBNHR» SR
HUTz.

FHEEED episode return (B 112725, NI A—X&,
43 observation 7R EDBEHREHFE X5 L, WK [2] DNT A —
NUAETRIIHBETOOREL NI THS. HL, Z
DEBIZE 5T, I =% — 2L MoveToBeacon BA4t, fiod

*1 www.github.com/deepmind /scalable_agent
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Fig. 1 Learning curve of single-task trainning.

ST =LTONRT =<V AEH [1] 2BA /0T,
control agent DAHAMZHHLZ. ZThoH5DT VIR R
7 EERHER % baseline (ZU T, SV F X A7 EBRO W
KIZHD.

3.2 Multi-task

R A7 B OBEEM IR ENCERTHDIRHEEL W 2 TH
% [5]. I=T—LESHT 72012, REETIE observation
space, reward, action space 75 ikiwd B.

151, observation space (IZBIL T, $RTHDI = —24
I&[Fl U spatial features(Minimap: 5 feature layers, Screen:
7 feature alyers) & non-spatial features(General player in-
formation) Z AL T3,

Wi, reward IZBIL T,

(1) MoveToBeacon: 1=y M &#4EL T, fREMEEIZHEEH)
IEB L+

(2) CollectMineralShards:1 H.47® Mineral Shard % [A])Y
TEDL+1.

(3) FindAndDefeatZerglings:#t + = v b 1 ffZ L 7=
541, RAa=vy b 1EPEEhES-1.

(4) DefeatRoaches:#t1 = b 1 K% #$HR+10, RA2

—v b 1EPEIEIND L1 THD.
FindAndDefeatZerglings & DefeatRoaches @ reward (&<
A F AR B HEMEDN B B, DefeatRoaches Tl 1 44k 7% fH
THEH10 2D T, MM=FD I =7 — L DOfIfELL ED reward
WHBET 2 HEM 2 5. #IZ, FindAndDefeatZerglings
B & U DefeatRoaches 1Z<v IV F X A7z NZ B L, &
BHDNT A =< VA EE25A 52 L2 PRI 5.

%1%, actions space (2B L T, #EMIZIZ full action
space(4: 549 f action) 25 2%, 7 —L DN —)ITiEa
= MED available action list(unavailable & %% X 117z
action {ZXf LT, Z® action 12T 5 =2 —F L% v b
Do SRR R X ND) DS . ORI Z
D4FEDI =/ —2LDFIZ, MoveToBeacon 7Z1F, ID %
5 5 @ action HMEZ LWL, 29 5. FERd, ID
%5 5 D action BRI W% BB L 7.

2O IVF R AT EERIX 1 learner T, 1task 2
16 actors T E L 7z. CPU: AMD Ryzen Threadripper
2990WX & GPU: GeForce GTX2080Ti 2 2> T\ 3%
FHERY — N A EZH VT, 1521 learner & 16
actors Z & L, 501 16 actors 2l E T 5 Z & TED
Uiz, BTOY YT NRAZEBITZFE UNA X—=8F A —
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Fig. 2 Learning curve of 2 tasks multi-task trainning.
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512, N7 4= VAN EFHED S step B IFIEF LT
$ 5. CollectMineralShards T, 40 million game steps
LoWwns EDIE®HT, 120 million game steps < & WR
FUz7- 2 9 #FH W7z, MoveToBeacon Tl%, 2 million game
steps LW 5 EDI{HT, 3 million game steps < 5
BRI E DB W, DED, 2RAIDINVF RAE
BIEY Y TN RAT LHART, EFENEL 22D TR
W, LA LU, CollectMineralShards O#EH# T, 110 million
game steps 7* 5 130 million game steps £ TDI/NT  —<
¥ ADGDRLE LB 72,
3.2.2 39RIVDIINFIRIFEE

WIZ, 3R AT DX IVF R AT FERD I =7 — Lid Collect-
MineralShards, MoveToBeacon, FindAndDefeatZerglings
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Fig. 3 Learning curve of 3 tasks multi-task trainning.

Thb. ©3I2, 3XAIDINFRAYEEMRE > v
VR AR %E R Y. MoveToBeacon AAAD I =7 —
LDEBREI VY ITIWVRAT LHRB L, PR DBL IR oTz.
FEE L 7~ control agent DYV IIIVR AT L HRB L, <
FRATDNT =<V AWHILUT2H, MoveToBeacon
DA, ASC B DY Y I NRATEBIEREIVENTH 5.
323 49RVDIYINFIRIEE

%12, CollectMineralShards, MoveToBeacon, Find-
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Fig. 4 Learning curve of 4 tasks multi-task trainning.
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S ¥ r— RIWVF RAD T, learner BVFE %17 5 KD - 7z reward
08 7 tasks multtask D% 3. DefeatRoaches % l1X % &, reward D
Pz A5 5 W R 72, BIZ, FEOKRD reward D i
£ %1 KMEEGER L7z, TOMRIZ3 XAID0,5], 4 RATWN
5 [2,30] TH 5.
£ o] 3.2.4 ID &% 5 @ action DLLEDHH
E . S = - N
MoveToBeacon T ID &+ 5 @ action 2MHEZ 72\ 2 & A3
0.2 VLT e AR -
RNFRADFBEINT B8 M 572012, B 612
SVITNRRAT, 2RAYT DINFRAITDEBAT Y TS
0.0
S - = i K e
oo v v e 7 Py v THDID FE 5 @ action DILHE (R) 2”87 . Collect-
game steps le8

MineralShards DY vV Z IV R A7 EI)LVFRXRA7DID &

5 3ARAZE A RAIDIINF R AL LEEBBD T reward 5 D action DHERIIKTH 5.

Fig. 5 Mean reward in learning step from 3 tasks and 4 task the number of ID 5 action

R= (1)

unroll length = batch size * a

multi-task.

o IZDWT, BIERIIZIE T RTD actors 1Z[F UHER T learner
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AndDefeatZerglings, DefeatRoaches T4 X A7 D )LVF
RV FERE -7z, B 4 ZFHRERT. 400K
A7 OHZ, DefeatRoaches UMD FEETE LD o7, 0D
FRIEAISC o Lz& 50, oI =7 —2 &b faff
D reward % F\» 5 DefeatRoaches (78203 555803

T —X%&%S. flZIE, 2 RATDOINVF XA FE
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actor 2 (16) 2> T2 DT, ID FH S 5 D action HfH
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Fig. 6 Ratio of selected ID 5 action in learning step from
single-task  and 2tasks multi-task.

3. TOMa=1. o OFFREUTIES.

_ the number of actors which can take 1D 5 action

the number of actors

(2)

# L MoveToBeacon DFEEN L h o725, 6 DIRFR L
B WEBUEIZ A 21X 3720, EBRICSVFRAZ DS
B SOV Tz, N7 =< Y ATKT BHEIZ O
T, ID &% 5 D action %f# 5 & episode return 243 k
FT ML VDT, fEHVIR.

3.3 £&®

ARTIE, A= F 7 NI I =T —LTOIIVFRA
IMBEEMGEL Tz, YV TN RATERIVF RAY DY
DORBERIZED, S VFRAIFEZIZEEND I =S —
LD ELEDDENT = VAN T D0 EEZ R L
Te. YU TNVA AT TORBREFRITH [1] 28X 72D T,
control agent (X VN R AT THMATHBLZ L %ERL
7o, AU, BEFFRD AT 3 =< v AR BRHB I L IXH
HTHDH, RVFRAZIZDOWT, 2RAT LI RAID
RNVFRAITEFLFETEZDT, control agent 1% I
== LB EATILVFRAIFEOESEE R L. )
FRUIZDOWT, XA ZMZ 5 L FEBEEZES LD,
NI F = VARGV ITNVRAT LR TH BREHL
7-ri&, reward D AT — IV E BN RKRELEDE R A
PIEET DL, MORXRATITZRIIFETERRBEHT
H5.

SHBOMEL LT, £33 PopArt ZI6HT 5 Z & T,
4 RATDINFRAT TOFEEDN EFL W iREE
EYHETEDLMHFELTVS. RiE, V= hbHDE
CollectMineralsAndGas 1% BuildMarines @ subtask (Z 75
5DT, CollectMineralsAndGas & EN7=<ILF X XD

231X BuildMarines DEBFHIZRY T 1« THREERDH L h
EOPKEET B L, RO TNV — L EBRIIEEZEETHS.
SEIDEBRIERLP S, BRRDLZXAT EZARCEETLZ L
BT A=V ALK UTIFEEAE YA T ADHEETH D
ZLIFSBOMERmE LTERLTWS.
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Table A-1 Hyperparameter.
Hyperparameter Value

Conv2DLSTM

Output channels 96

Kernel shape (3, 3)

Stride (1, 1)
Conv2DTranspose

Output channels 16

Kernel shape (4, 4)

Stride (2, 2)
Discount () 0.99
Batch size 32
Unroll Length 80
Baseline loss scaling 0.1
Entropy loss scaling le-2
Clip global gradient norm 100.0
Adamp; 0.9
Adamfs 0.999
Adame le-8
Adam learning rate le-4

R A2 PYSC2 OERBiH
Table A-2 Parameters for PYSC2.

Parameter Value
Feature screen size 32
Feature minimap szie 32

© 2019 Information Processing Society of Japan - 249 -





