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Two-agent, one vs. another
Many game units : turrets, creeps,
heros, etc.

MOBA 1v1 games is more appropriate to study the problem
of complex control than 5v5 games.
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° Complexity Of the game Table 1: Comparing Go and MOBA 1vl1

— Enormous action space Game Go 1v1 MOBA 1v1
— 2501°% ~ 10%°°
Enormous state Space . N . 1018990 (100+ discretized actions,
Action space (250 pos available, 150 9.000 fc ‘ ‘

— Real time decisions per game on average) ’ rames per game)

. 2361 . 14170 2000 . 1600 :
— Play| ng method State space 3 ~ 10 2 ~ 10°"" (2 heroes,

. (361 pos, 3 states each) (1000+ pos)*(2+ states))
— Target selection —— _ -
Human player data rich, high-quality little

— thtle h Igh-q ua l Ity h uman d ata Peculiarity long-term tactics real-time, complex control

Large-scale system for exploration . Unified modeling. Self-play
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Figure 1: Overview of our System Design
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Encoded observations > Policy Action
Input:  observations/features Output: ST
. e Hierarchical, multi-labe
Internal: neural n?twork model — First, predict which action to take, i.e., Button
Output: hero actions . E.g., move

— Second, predict how to execute that action
+ E.g., the direction to move
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Multi-label PPO (proximal policy optimation)

label i
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Label treated independently ppo value loss
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' disadvantage of standard PPO

LELP () = B, [min(ry(0) Ay, clip(r4(60), 1 — €, 1 + €) A,)

A<0
JCLIP A>0
‘ I—€1 . Table 1: Comparing Go and MOBA 1vl
1] T
| I
l | Game Go 1v1 MOBA 1v1
|
\ | 250150 ~ 10360
! . N . 1018000 (100+ discretized actions,
! Action space (250 pos available, 150
‘ - 9,000 frames per game)
| decisions per game on average)
| 3361 ~ 10'7° 22000 2 105% (2 heroes,
\ State space
| (361 pos, 3 states each) (1000+ pos)*(2+ states))
T ¥ T I
0 1 1+4+¢€ LCLIP Human player data rich, high-quality little
Peculiarity long-term tactics real-time, complex control

The problem:

e large-scale & off-policy setting - policy deviations

when ﬁ()((lﬁl')lb‘,) '>> F()(‘ld((lgl)lb'f) 7r9(at|st) A <0
and A D Moo (At]5t)
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' Experiments

Table 3: Match Statistics of our Al vs. Professional Players on Different Types of Heroes

Hero DiaoChan DiRenjie LuNa HanXin HuaMulan
Hero Type Mage Marksman Warrior+Mage Assassin Warrior
Score (BOS) 3:0 (Al:Professional) 3:0 (Al:Professional) 3:0 (Al:Professional) 3:1 (Al:Professional) 3:0 (Al:Professional)
Kill 5.0:1.3 2.3:0.7 2.7:1.0 2.5:1.5 4.0:1.3
Game Length 6’56” 6’23” 7°53” 6’41” 6’48”
Gold/min 852.7:430.6 869.3:606.6 969.7:724.0 054.1:754.2 045.2:654.2
Exp/min 900.0:573.0 895.3:661.7 979.0:817.2 065.4:802.5 021.4:723.1

Table 4: Results of Al vs. Various Top Human Players

Table 5: Results of Ablation Experiments

Hero Name  Hero Type #Matches  #Win Rate

DiaoChan Mage 445 445 100% Item Win rate vs Base Time to converge
DiRenlie Marksman 264 264 100%

HuaMuLan  Warrior 256 256 100% Base - 80 h

HanXin Assassin 221 220 09.55% Base + AM 50.5% 65h

LuNa Warrior+Mage 260 260 100% Base + TA 75, 90 h

HouYi Marksman 79 78 98.70% o

LuBan Marksman 354 354 100% Base + LSTM 13% 100 h
SunWukong  Assassin 221 219 99.09% Full version 90% 80 h

2100 2096 99.81%
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