Bidirectionally-Coordinated Nets
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in Learning to Play StarCraft Combat Games (2017)
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Introduction

Introduction

 Single-Agent A S 0| A= AIZt ALEHS XS (Atari, Ht=, Texas Holdem &)
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* Real-Time Strategy (RTS) game Q! Starcraft’} 2 1t

« Agent =7/} S7tet0f 2t Ti2t0|E S7t0| 7|5ta+E 2 2 S7te. Ot 2 Multi-agent €H5 0| M= Challenge®t = Al

T
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Key idea

. otEloZ MESH7| 8= CommunicationO| &L T Starcraft Z2 RTS A0 A= 2t 71sSHH 21 @1 Communication
1L

» Multi-agent bidirectionally-coordinated network (BiCNet) with a vectorized
extension of actor-critic formulation

«  ZtZ}9| agent=0| BiCNet= S5 Communication

* Evaluation-decision-making process & 5lf &

«  Parameter &2t Dynamic grouping@ £ 2t & 24| {2 Al

o AMRO| A [USEHLE label data”t 8101 = BiCNet2 02 ZF =2 0| 20Tl Agent 922 &t
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Method

Bidirectionally-Coordinated Net (BiCNet)

Bi-direction recurrent network”} 7H 2 agent policy X Q-networkE HZSt=0| AFEE

Multi-agent deterministic actor-critic S0l &t& =l

." Policy Action

." Bi-directional RNN

@ Value Function Jn‘ Agent
- .

(a) Multiagent policy networks (b) Multiagent Q networks

Attention Neron

Bi-directional RNN : Agent AFO| HE W2t o3 =S oFAMA| L. =4t
of, alsto 2 S| H|O| B X 2|50 agent® state, action ?!

Policy network, Q-network =5 Bi-directional RNN -2 E 7|HI O 2 oF

Policy network= shared observation (2 agent= 0| 2t&& = Q&=
S| Y2 A Ho|H) It i X|GA 2 S 28 = R0t 2} T4
H agent ¥ et

Communication layer : Multi-agentOl| A agent 7t HE W22 2|5 At
5| = network layer. d&2 M H 7I5X| 7 92 &

Z} agent= 5 networkl| Lt2t0|H &2 5. Char agent=0| d& ot
Ch¥ol Mzh32 O e stsd = As
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IVIDP Modeling

(SAANL ABYL L T AR

S: 2= Agent=0| SRot= X A Q| state space

e A; :Controller agenti action space, i € [1, N]

* Bj:Enemy| action space,j € [1, M]

e T:Sx AN x BM -> S Environment deterministic transition function

* R;::S x AN x BM -> R agent/enemy i reward function, i € [1,N + M]

o CF=3}317| 28l 2 = agent(controller, enemy)= 0| Z 2 action spaceS & 70t= A2 E 7t
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Reward function

1 N4+M z
r(s,a,b) = o %l_wz ,a,b) — VZM (s,a,b) (1)
J

« Deterministic policy ag : S -> A" (controlled agents)
¢ Deterministic policy bg : S -> BM (enemies)

* Eq. (1) Controlled agent 27 Enemyol global reward= 25| HCH (zero-sum game)

(Global reward : £ = El0f| Z} agent=2= €2 reward& &3)

Controlled agent M| = 0f| H|SH Enemy M= = Z|CHSH Al7| = A 0] ER. 0| F Z|CH2}tStH= reward
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M N
] ] ,
ri(s,a,b) = — E AR;(s,a,b) — — E AR (s,a.b)
3 S U
J=N+1Nrop-K(i) t/=1Mrop-K(1)

. Eq (1) 24 agent2| local rewardgf CHE agentS 12| M= A8 HeF F7}
«  ZhagentiZt T X[ U= top-K(i)
. o 21 210] 7S SHA| Controlled agent, enemy & 2H810| k7 KA =2 M & H3LE reward
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Minimax Qdeaming

Qsg(s,a,b) =r(s,a,b) + Amg}l:«:m_in Qsg(s' ag(s’),by(s") ()

 Controlled agent =2 expected sum of discounted rewards= Z|CH2}SH= policyE 2Ha

« Enemy2| joint policy= expected sum= %[ A 2}0t= A
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Simpler MIDP problem

Qis(s,a,b) =r(s,a,b) + )amglxm_in Qsc(s' ag(s’),by(s") ()

Q’(s,a) =r(s,a) + AQ’(s', ap(s")) 3

where we drop notation by, for brevity,

Enemies2| policyE &0t 17ZA|7|H, Eq. (2)0| A E 2| =l Stochastic game= & ZFEHSH MDp 24| = HHE




Experiments

Policy network (Actor), Q-network (Critic)

N

N N
V/) 1(0) oo / [)](b Z( (l‘s—{[.‘\_, Z(
i=1

J =

()(2 (s, d)ln n,,(s;)i)a,.n(ﬁ)
- oa; ol

i > : DQ (s, ap(s))
VeL(€) = Eunpr (o) Z s,20(s)) + AQ*(s',20(s) — Q(s. 20 (s)) =

* Off-policy deterministic actor-critic
« Actor, Critic network 25 sGD 3| Y| 0| E

- B=EFAS OIS ENH Epé'.' O| A| A4t SFA backpropagate A| % 8 REHM MY ZH R EHE




Experiments
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e Easy combats

- 3 Marines vs 1 Super Zergling
- 3 Wraiths vs 3 Mutalisks

e Difficult combats

- 5 Marines vs 5 Marines

- 15 Marines vs 16 Marines
- 20 Marines vs 30 Zerglings
- 10 Marines vs 13 Zerglings
- 15 Wraiths vs 17 Wraiths

* Heterogeneous combats

- 2 Dropships and 2 Tanks vs 1 Ultralisk
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Parameter tuning

8002 01|1L|*':01|*'| S5 El Bicnet 22 MEHSIO] 10022 =2 A QI AIYOM HIAE
HiX| 32& 7tE 222 600k training step £ 7Y =2 S &1 71 == Mean Q-value /= €=

N batch sim 18 B batch sire 32 Il ostch sire 64 Il haich s 128

vy = Winning Rate - y = Mean
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Figure 2: The impact of batch_size in combat 2 Marines vs.
I Super Zergling.




Experiments
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Figure 3: Learning Curves in Combat “10 Marines vs. 13
Zerglings”
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CommNet : 0| 2{ agent=0| 2 &5t= A= &St
7| 2|2t multi-agent network

GMEZO : Greedy MDP with Episodic Zero-order
optimization




Experiments

BicNet” | baseline 2 WA &

« 570 AL}2[2 5 47H0f| A BicNET2 CHE
e Agent =7} 10 O| &F & [}

Table 1: Performance comparison. M: Marine, Z: Zergling,

ML X
) © O

Baseline &2

SH|w
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== O

XO|7FHE A &7l (Agent

W: Wraith.
Combat _ Rule Based KL Based .
Built-in Weakest Closest|[IND FC GMEZO CommNet BiCNet

20Mvs. 307 | 1.00 000 70 940 00T 880 1.00 1.00
5 Mvs.5 M |.720 900 J00 310 080 910 950 920
I15Mvs. 16 M |.610 000 670 590 440 630 .680 J10
1I0Mvs. 13Z |.550 230 A10 522 430 570 440 640
15 W vs. 17 W | .440 000 300 310 460 420 470 530

Independent controller (IND) : Z} agentE 424 M EO| HE
Mg DO
= ( TT X)

Fully-connected (FC) : agentZt 2~& fully-connected

CommNet : 3§ 2{ agent=0| 22 &}
multi-agent network
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GMEZO : Greedy MDP with Episodic Zero-order optimization




Experiments

z bl
AuA|Le

«  21F AT state with high Q value

« QEZXSILt: state with low Q value

«  AgentZ| O] H2 A0 M AS0 [HE Qvalue Al 22}
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Figure 4: Visualisation for 3 Marines vs. 1 Super Zergling
combat. Upper Left: State with high Q value; Lower Left:
State with low Q value; Right: Visualisation of hidden layer
outputs for each step using TSNE, coloured by Q values.
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Experiments

(a) time step 1 (b) time step2 (c) time step 3 (d) time step 4 (a) time step 1 (b) time step 2 (c) time step 3 (d) time step 4

Figure 9: "focus fire” in combat /5 Marines (ours) vs. 16

Figure 7: Hit and Run tactics in combat 3 Marines (ours) vs. ;
Marines (enemy).

[ Zealot (enemy).

(a) time step 1 (b) time step 2

@ hmespl (OinmuEep 2 (@Uusiepd (DIneskp Figure 10: Coordinated heterogeneous agents in combat 2

Figure 8: Coordinated cover attacks in combat 4 Dragoons Dropships and 2 tanks vs. 1 Ultralisk.

(ours) vs. 1 Ultralisks (enemy)




Conclusions

Condusions
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