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ABSTRACT

In this paper, we apply some exploration methods with Reinforcement Learning method
to continuous delayed reward environment, that was found in some strategy game. To find
suitable exploration behavior, we implement some technics such as classical epsilon greedy,
Boltzmann distribution, action space noise adding, and bootstrapping. In order to find the best
solution for that exploration method. We also implement reinforcement learning algorithm
working with Dota2 ,which is the popular one MOBA game in this time. Because of the success
of Double Deep Q-Network (DDQN) in high dimensionally state space, perform very well over
discrete action space, was chosen to used with a Lasthit Creep task. More over the
accomplishment of Deep Deterministic Policy Gradient (DDPG) in continuous action space
problem is remarkable result and we implemented this with Creep blocking task. All of them was
used with memory replay technics and a few exploration method. The experiment show that our
choosing reinforcement learning algorithm and choosing exploration behavior. Can complete our

Dota2’s subtask.
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MMR (Matchmaking Rating) - A2 (11U ULAAIANUIAIVDIRIAY vrniau T
Tnuasaoudy TaornrusIuTnuadnduadly MMR 32NUUY 25 AZUUY HIALRIZAAA4 25
AZIUY Felaudiuinnazil MMR mavagh 3000 (4]

= 2 a @

Dota 2 Workshop Tools - Wulanouwau Bot 11ag Custom Game Y0410 1

Dota 2
d o L
Dota 2 Bot Script API - 1ilu API TIMIUAIVAN Bot 1NN Dota 2 AHITDAIUANN

o v 1 1 = A = j{ =] v
M3 Bot 1anneens 1wy Toud, ndeud uazde lomu Wudu



< . F o a e ¥ o
Vseript - W42 1Y Virtual Machine(VM) 1950 191515U Script Tagagsinau
T4 Binding Layer 348851714 Source Engine (szuun18 lwnuing luawnsadaa 1) uaz

Script 10gA1BUBNNY

2.2 Exploration in Reinforcement learning

A w o -:'i 3’_, d‘. =Y o 1 ] = Y = k7
Lu@ﬂﬂWﬂﬂﬂﬁui%iuﬂuﬂﬂiﬂ ﬁ']iﬂ‘iﬂ?ﬁ]&ﬁ‘ﬁ]ﬂﬂi%’ﬂﬁ]mﬂﬂﬂﬁﬂﬂﬁuﬂULﬂﬂUNLﬂEJ’] A5 b

= o w . . o o =l o 1 o
Foufuua3uiaa (Reinforcement Learning) 310 udvalinisvanissznnammsdisnely

A H ] 3 o 2 H 4 'g} 1 " . 1
aai 13 (exploration) Hagmsyasnianganiegud (exploitation) THmnzaudemszoug

5
b v

o o . @ o 1 o
UBNVINYUIEITIMINDLIIAT Exploration 5331 udeaiona18319281599 (explore) U

v
=

‘é ) = W Qy tg 9/ I
Trusanmsdisenanldluaudseruil ldun

u

2.2.1 Epsilon Greedy
g as 5 ; ° ' A ' A
11 42511591529 (Exploration) TAuNI15A 1K UAAT threshold #50A1AIN
3 ¥ A o a g o 1 1 1 9/ AR 9 a 1
epsilon(g) Tmeviinrsdisan NUUNINITFUATITEN 13 [0,1] mwmﬂmqu"lﬂmum

threshold 92311N15128NN5N5231 (action) TagnI3 g

2.2.2 Boltzmann Distribution
< o [ ) i T
FHunisnaasid1sam (Exploration) A20A1UU19 2T UNYI910 Boltzmann

Distribution aauaad IuaunIsh 2.1

A ')
eI \CAERT fi; exp(45%)

o o % = ' <
Tag a ﬁﬂ AT1AVUBA action mﬁ’mmﬁmmmmﬂmﬂu

'
= ° .

] < !
P (a) ABAINU192ITUNLI action N a
P—§ 1 e . ::;
q,(a) ADA value function VD action ¥ a
A A A
T f9f1 temperature NIADN

n A9 $1U9U action Adlul1¢

1
= o 1

& ) . o q.9 ' g . Booan o o
Glf\‘iﬂ‘l'ﬂ‘if Boltzmann Distribution m“lwmmuwmﬂummumaz action uuu"lum’mu

Taafin15¥119UAd180 U Softmax Function



2.2.3 Uniform Distribution
9 £ ¥ 5 F 5 ) a - o
11381379 1a8n13 19 Uniform Distribution 1un15d1329 Tud59in15n529M

(action space noise) Taean1s 1d noise “ﬁn'ﬂu Uniform Distribution aau3# 2.2
22 a; = m(s;) + N(o)

Ty a; A9 action M 1At
T[(St) fin policy function

N (O‘ ) #i0 noise M1l Uniform Distribution

2.2.4 Ornstein—Uhlenbeck process (OU)
n15d1329 Tagn1s 19 oU Tutl3 glianiunisainszii (action space noise) Tng

M5 14 noise 71 14910 Ornstein-Uhlenbeck process AIANNITN 2.3
(2.3) a; = m(sy) +0U(, a)

Tas  @; Mo action &t 181t
TI(St) Ao policy function

OU(p., a ) A9 noise M1311 Ornstein-Uhlenbeck process

o U

s 3/ . g/ [
anBueAIAYU0IN1TgY Iauld Omstein-Uhlenbeck process HUILTANHUL NS

1] q

guuuulianuduwusnunsguneunii

2.3 nosaliaved task environment Tuifeyanilszhing
A au1TAveq task environment Tu Ty g1l szau§iuaunsaswun 18luisesanse

dasiolld

1) Fully observable vs partilally observable

2) Single agent vs multiagent

3) Deterministic vs stochastic

4) Episodic vs sequential

5) Static vs dynamic

6) Discrete vs continuous



2.4 Markov Decision Process (MDPs)

5111 Mathmatical framework 119 lunmssmuailymnisdadulefidlud ey (Sequential
Decision Problems) FauaannuduRuTsznIedaIuy (state), PN1INTEN (action), 51978
(reward), 1A% NSIUTFY (transition) ﬁmﬁmﬁlugﬂﬁ 2.4

S ﬁmcmﬂum state s YOI agent 14 environment

A ABIFAVDA action a VDI agent

T A9 transiton ¥4A0 probability 71(S) 1u state s FuaAIRITUNITN 2.4
2.4) T:SxXA-mn(S)

= 3 Y = ] o = o P
R A9 7151970 (reward) P92 LAY UTIUIUITI LAAIAIANANIGTN 2.5

(2.5) r:SX4->R

4 _ o i
517 2.4 uaaa MDPs V83 environment N/sznevlide s,a,r,T



2.5 Policy t1az value function

2.5.1 Policy
- . = . A o 9 1
(11111118989 Reinforcement Learning ABn1511 policy T ¢ S — A v lvan

reward 53N NgalusZEE1)

2.5.2 State value function

V7 : S - R Wfnsunlszunuamnasiuued reward Tuszozenaluuaas state

2.5.3 State action value function
Q7 : § X A » Rsdsuniszanaamaiiuyed reward luszozeo1nluua

% action VOILLAAY state

2.6 Tnsanadszanniient (Artificial Neural Network)

2.6.1 Insga31avedlaseviadszanniiess
Artificial Neural Network ‘If‘i‘%ﬂﬁﬁﬂﬂg U9 111491 Neural Network (NN) asluna
nundamdash@ounuumasdsramlussuulszam daezisznonlide Neuron
SN NAe AU TABlAaY Neuron 9% 15201 11§98 Tnput , Weight , Neuron 1183

Output #4317 2.5

Xl W1

Inputs i N Neuron Output

“Wn
517 2.5 A mlAs9a319U99 Neuron

“
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st "
vzduna 1811115919711 U89 Neural Network 11157192 14 Output Tuuaas
3 1 - 1 1 g}
Neural HUuABH N3 A1UIMN1IANATIAAT MY Activation Function H408 1uuAaE Neural 14
o ) =] 1o 32 Y
szfinisduaulaeld xq, x5x3, ..., X, € X 131U Feature (Input) #aEAIDIUINUA

(Weight) Wy, Wy, W3, ..., W,, € W asaunishn 2.6
2.6) a=g(x,wy + x,wy + -+ x,W,)

Tay a 7o Neural (Activation Unit) nilu layer ]
A B : = 5 . .
g 79 Activation Function %39199243U Linear Funciton ,

Logistic Function , Relu Function , 9184

(1® Neuron 91U IUVIANUFBUADAUILEINITONINISAIUIN UazlTuan
1 1 o
Weight U9 1AaE Neural iN011923AT1¢ Input 118 Output 8NNITIUIY Layer S4e40aAD
o A e Y A ng a gl 1 bl
AMuaINse lumsauuidudeussuy Tagdnaudanisuiialasiaiig Neuron Network 9
1 =] [ 1 Y
gnusesnilu 3 daulngq laud
1) Input Layer %U%ﬂgﬂt‘lﬁﬁ Neural network
o o3| i g o 1 1w
2) Output Layer 51 Output 113w llaruindlddoanislasiuegny
vl . dguy
Activation Function 1 1%

3) Hidden Layer o Layer Gﬁ’uﬁuq A 1aila Input Layer tei& Output Layer

hidden layers

input layer <

gﬂﬁ 2.6 Neural Network Model
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2.6.2 Activation function
A dw A o o/ o [ 4 3’; 9) 1 1 A W o~
AeManguiiimiliunaaniveslvuanug lnegluyranseanuush
) & . . o &
doams Tulassanuauit 1814 Activation function A4 A
1) Identity function (Linear)
=] d o 4 . [ 1
Whuanduil output iy input a3nsn 14 lavnarnvate lidweludiu

£
U949 Hidden Layer 3o Output Layer Taofiaunisasil

2.7) flxy=x

2) Hyperbolic tangent (tanh)
Hudenduiiozlasarlfedlusa [-1,1] Tasd nAud 193 1410 Hidden
Layer 1aglaun1sadi

e*—e™)

2.8) P =aanh{s)l = Eex+e-x)

3) Rectified linear unit (ReLU)
Fuiedduiazulasmraulddlu o Tastndnd292 1911 Hidden Layer

=% -7 dy.
Taglauninatl

@.9) A= x/5=Maxto, x)

2.6.3 Loss function
) o ar o @ o 1 o o
dAuladsud imiudiuianinnuianatalunisiiuiornavesluaa lu
2 . s 2
Tn5991111 1814 Mean Square Error J4n13 A 1118 AIATINAANA1AUDINIABINITNATD

(DDQN ita2 DDPQ)

(2.10) MSE == i — )2

n
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2.7 A5zUMsNIFIuMsisau3 (Learning Methods)

2.7.1 Reinforcement Learning

= = YA A ¥
AunisGouihn Goug

a

! o A = & A
11a153¢11192 15 nienadnlovilsAon1sng
ar w d 1 a1 . . o 1 A | | o
ANMUFURUTIZHI 9T IMLNTALA199 (Situations) LAZA1TNTZIIA1Y (Actions) BT L1
g @ H 3 1o o 1 o .
19'1#A151978 (Reward) anniiga uaz Agient lisuiludeagnuendi minsei (Actions) vy
= o = A o =] P . . 1a ' w A
#1157 Familouqnunszurunisidouioue lu Machine Learning #ANI2A1AUATIA
Reinforcement Learning 9% #093N131171 ANTATEIN (Actions) Tuuldar 51999 (Reward) g4
- 5 . e, A Y = o v
fga Taon1sasansziii Action Huq uaziiiauls uaziinielunisiouilaely
¥ 1 1 3
Reinforcement Learning 1148 Action in3z1i 11/e1992 hilddswans s1etaninavuluiui
LY 1 Y o { = S a1
(Immediate Reward) me’dwaﬂmnaa'ﬁﬂmﬂﬂﬁuﬁluamumimm}q"hJ (All Subsequent

5w ) ] " =] 2 i g
Rewards) F8NHULIUNIL 2 861978 Trial-and-error Search 11a% Delayed Reward 11/udaimilu

[ '
~ o Qs =

r © = b = ¥ .
Snuaziuniziidrfyiuon Reinforcement Learning 8903103507585 0U3 Iag 14 Machine

Learining Ll‘lJ‘Uﬁ‘u“] [5]

. ; E
1 Agent
state} |reward 1 action
S{ g; A!
' Rus - [T ’
, " A | Environment }4—————'

o d

51 2.7 MmsRU{TaWHEAUIZHI19 agent 482 environment

y g = < v o 1 . .
1ngU9aY (31N 2.7) HaaidIaNUANNUTIZHIN Ageint 11ae Environment

=) e

1u Reinforcement Learning ﬁﬁau:‘q’ “r‘iﬁﬂlfj} aaule pnisenm Agent LLazad‘ﬁaﬁjiﬂUﬂ Agent 9%

G
Yo X4 5

g
56111 Environment AUFUHUT HINAUUIT009 118 Agent 1A9A Action 91NUU Environment

i3

{ 1 Es) Y : Y a T
v211/aeul1 State T3i@13 Action W9 e InHEa 1R Reward Fevzlanyuziduaaay
(Numerial Value) %9 Agent 9¢We1e141un51d0n Action 19 18A1 Reward wnfigatiionadiu

' vé’ . i H gx 1 I~ . .
TuiFesq (lufit1ai19¥ns Maximize Reward 1 u1nfiga o vaiguy uaaziilun1s Maximize
Reward 11‘!81.[11%!@3{’3&])

@ = " = " - A v a a
vz Funaifiuinlariifi Reinforcement Learning wunotywmilumsandulen

< o_ o i . : @ & Qs ' 1 @ e
[Hud1AY (Sequential Desion Problems) Fanmtemsanduls w agifuszdwansnisaadule

1.3



3 @ a w o 4 2 1o v a {1 g
o Tluazlunsdadulalutipiusuiludestiuegiunsaaduluimun Tasdaymila
iflsany 11 Reinforcement Learning @& a1 114 Optimal Control Problems LLa::‘ljig‘PHﬁuG]“ﬁ
= c’E’ A= o W
natu lurIndsed1iuaeas

] :d L . o )
“‘]ﬂﬁﬁﬂlu‘}'i‘lg Yuupiilu Reinforcement Learning % Environment Tuanuazinilu

Stochastic Enivronments 9% 1 % Mathematical framework A9 Markov decision process (MDPs)

@ A I a
Tumsunumsdadulwweatdgmldiiluluglvesaunmsmendiamens

2.7.2 Reinforcement Learning Methods
AT£UIUMIN530U5U84 Reinforcement learning #111303AT 110 1A 119 3
3% 1dun
2.7.2:1 Value-based methods
13501 Taen131 52319187 value function 1a29% 19 implecit optimal
policy 1Y epsilon greedy 113 ﬁwﬁ’g ‘JJLL‘]_]‘]J%Q 141y value iteration, Q-learning, Sarsa, “181°l
2.7.2.2 ~ Policy-based methods
msiseud Tasnsiszana policy wae il value fanction n1sFouizluny
fign14lu CMA-ES
2.7.2.3  Actor-critic methods

a [ yda ) : . A v e
MsiEeU3 N3 581899 policy 1A value fanction N15538UF 31 uuLAl

gﬂi‘fﬂu policy iteration, deterministic policy gradient, 8% actor-critic algorithum 1@ WEJG]E]EE'N

2.7.3 Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) ADN15U M AN AYOY Reinforcement

= ¥ i L7 o
Learning {18% Deep Neural Network functions approximators W lgsamnu

Reward

Agent

State Take Environment

action

O
parameter 8

Observe state

g‘ll‘ﬁ 2.8 Tnssainaves Deep Reinforcement Learning
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2.7.4 Mini-Batch Gradient Descent (MB-GD)

dane3nunilalu Gradient Descent Algorithum NUN159U1anAA1 Parameters O
o : Vo < o8 .. 4
484 Objective Functions J (8) Tasuistoyaiilunguianga1n Training examples TAHUANTY

$119U mini-batch size b 1Azl Leaming Rate @ Hudamlsmned ddizdunuaunsd 2.1
5 L
@2.11) 8=0— aY? ,(Va(6 JX(L):}’(L)) )

2.7.5 Q-Learning

9ano3 Ny Reinforcement Learning “lcfl]sl‘ﬁ'} Value-based method Faise gn ald
NANN13UD9 Temporal Difference Learning 1911195728 Iagdanain 159219 Value Function
F8n31 Q-Tavle 18 Q-Table 9£1AVAT Reward saumanuaiies 14910 Episode g ano
Aoulalugiues Q(s, a)lay s Ao State Nag @ A Action Q-Learning figanes w1

FUANA Q-Tableﬁaﬁ
(2.12) Q(s,a) = Q(s,a) + a(r + y max,Q(s',a’) — Q(s,a))

Tae s Ao State d@ 11

]
=

a'fie Action aenyi1lu State S’ 461 Q-Table WINN A
Y fio Discount Factor 11A1 [0,1]

o D Learning Rate 191 [0,1]

FIr+y max, Q(s',a’) A A1 Target Valuettae Q (s, a) AvA1vue
Predict Value 101U 10 ud 2192 1481 Loss eony 11110 U5y Q-Tavle no 11 Taw

Q-Learning 1n3zuunsasglin 2.9

initialize Q[num states,num actions] arbitrarily
observe initial state s
repeat
select and carry out an action a
observe reward r and new state s’
Qls,al = Qls,al + a{r + y max, Q[s’,a’] - Qls,al)
s = g’
until terminated

g‘ﬂﬁ 2.9 Q-Learning Pseudocode
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2.7.6 Deep Q-Network (DQN)
119910 Tl eu15011 Q-Learning 31 19uA vl State Space 11014 1Ws12
' o o o 2 Ao
Q-Table liiansafiy ldwe Faiimsaauaarit Neural Network 11 151mu Q-Table #3135013

9
SNANA1 Q-Table Faliaunsisuay asgidaanail

initialize replay memory D
initialize action-value function Q with random weights
observe initial state s
repeat
select an action a
with probability & select a random action
otherwise select a = argmax,-Q(s,a’)
carry out action a
cbserve reward r and new state s’
store experience <s, a, r, s’> in replay memory D

sample random transitions <ss, aa, rr, ss’> from replay memory D
calculate target for each minibatch transition

if ss’ is terminal state then tt = rr

otherwise tt = rr + ymax.,.Q(ss”, aa’)
train the @ network using (tt - Q{ss, aa))? as loss

s = g!
until terminated

gﬂﬁ 2.10 Deep Q-Learning Psendocode

usszdmsumananldne e 14 Neural Network ¥i11¥ 115014 Mini-Batch
. o 1 9 = o Y
Gradient Descent 1UA158NIAAAT Parameters Hazldinaila Replay memory Elumi‘uwagmnﬂ
A (<] g; ' o [ 1
inufiauufiv 131y Memory 1171434786 Random 1az H1M19WIAAA1 Paramenters 11

Neural Network

2.7.7 Double Deep Q-Network (DDQN)
< A A A a ' A 2 v A '
FumatiafiiuAuu1a1n DON M51231 DON Hulidywidndesiioaninal
1 ] E1 i 3’1 H
weight 711/ 8e1 11 1145219199 4ABY Mini-Batch Training @9mali Q-Target ui/agunilag

Qs

= Yt 9) ::{d = =1 % a.- U a d't o
AaDALInN %G]lﬂllﬂ"licl“h’ Neural Network NUAMAUUAIMNDUNUNY Q-Network AR L INBD N

H F 4 1
WINAIUIUAT Q-Target TABIRWIL 1AL Network HIZ8NIANAT weight HAIDINTIT Mini-

. <
Batch Training ta394482
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2.7.8 Deep Deterministic Policy Gradient (DDPG)

Deep Deterministic Policy Gradient (DDPG) danesAududunilaly actor-

£l

critic algorithm 144 1ﬁ§ﬁﬂﬂlﬁi’lﬁﬁ1ﬁﬂﬁmiﬂ‘i £¥1A0Lil09 (continuous action space) Faad
o =1 o 1 e 79 3 ¥
i1 DON tazdl critic 14A1515211%A1 Q-value function a1 52gnNA 19 Bellman equation 11

AITONAN AIFUNITN 2.13

(2.13) Q(sg ar) = r(se,ar) + YQ(St+1, To(Se41))

T g A9 actor 130 policy

Q (St 5 at) 719 state action value function 30 Q-value function

14 Ao Learning Rate k! [0,1]

Taglndudd actor-critic algorithm dauln ‘QJ: 1% U policy gradient, compatible
- . i s/ < 1 g @
features, 12 3192 19 stochastic policy Tun151ATRYH continuous AT 1T DPG tiag DDPG
[ @ A= gy ] o W, %, 2 o (R = a a
Flusanesiunld gradient 1un 1581478 deterministic policies 41 191UB YWY T2 ANTN N

@ o 1 ¥
uaz lasugainannsoudilyn 1f (proof of convergence)

2.8 matiatazmalulagnly

2.8.1 7 #1 Python

uJ

=] = s s = g y = E
WunwrsuldsunsunmdedldSuaution luvaez il 1io9910% Library

o = a1 2
NUIAUNN HAS U syntax ﬂHEJﬂluﬂﬁﬁJﬂ‘u

2.8.2 Tensorflow

1 Library & 113U Machine Learning Tunmn Python

2.8.3 Keras

i Library & 1150911 Machine Learning Tunw Python il High Level API

9
[T g 1 ]
¥84 Tensorflow saiudaenusaldauldiena

2.8.4 Flask

=] @ 1
3l Web framework T1n181 Python 14 0AABA M5 OWAUITLUY Server IA410
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2.8.5 M¥1 Lua
=] i A o 4 o g
FuauTalsunsuitfiouuinlunisvi APInednuny lesniianyaziiy
. : o 1 4 o 9 9/ 1o o 4
Script Faazvauegludweuny i lddidou lisuiludeney lnd ldnitenacen Tdsunsy

: o o A
1A Dota 2 SUTUABA1F 7111 Lua lumsniuquasaisgaieluny

2.8.6 Window 10
24 A wa = o & ” = E d’?’
Ao szuulfiiAn1sABNNAAD5 TN (operating system) N §190u Tag
a o < 0w o { a ] o
U3 luTaseedd Femduiluniensgluilagiiu Tag Dota2 Workshop Tools 92811150
k)
o laneluszuul§iians Window 10 ti1mu

s

= c;. d‘ 9/
2.9 HIENINAIVD

2.9.1 Human-level control through deep reinforcement learning

v
=

£
= oW L] 3 - 9/
3304l [6] 181n15111 Deep Reinforcement Leaming 17119 Tun1sud v
; w 3 > . 9
Environment in 14 udeu Taonis 1y Deep Q-Network 1 Reinforcement Learning RN GALY
By b < a I~ 5 aAw & 3
nmmﬂfgmm‘u Atari 2600 games “ﬁﬁ%%‘i‘u input 11y pixel screen VBIUAU DTIINTUIVYUUWLIN

v . : [ 2 9 (YRS P 1 9 Ao 1
11519 Deep Reinforcement Learning 1iu1vinaansnana (laazuuunana) luumunnaginy

2.9.2 Mastering the game of Go with deep neural networks and tree search
EY
U [7] ”lﬁuﬁmmﬂuﬂmﬂ%’ Deep Neural Network , Monte Carlo tree
A " s 5 2 J i
search 117& Reinforcemnt Learning Tuniswan AlphaGo Zero Fau AlphaGo N893T7UAY ah
= = Vet A o 2 1 ' < a 1
UNMSIHUUINIETNINFTUY Y Neural Network w"l%”lum'ﬂhxmmmﬂamuwmﬂummmmmm
aza1 uaziins 14 Monte Carlo tree search 14N1591809A UANLAREZAUNBDNIZONAA parameter

o o

3/ 1
T Policy Network 1usiudu waziafg 14713 19maila Reinforcement Learning 8neae

2.9.3 Episodic Exploration for Deep Deterministic Policies: An Application to
StarCraft Micromanagement Tasks

93508 (8114501519 Deterministic Policy Gradient 11n1317 1 a1

micromanagement task Tutnw StarCarft aga1u %ﬁ’ﬂﬁ"lﬁ’ I U D heuristic reinforcement learning

=2 ] & P = . P )
G]f\‘lvlﬂﬁ'lllﬂ']iﬁ"l'ijﬂuﬂﬂﬂ ¢ LUAZINAUA backpropagation [ U1AIYNU
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3.1 uu2AalumIanE

a o =} 3 a o w 4 o w Yo | 1 A
ﬂ"l]"i]"]_luﬂ”lﬁu']ﬂ’lﬁlﬁﬂugllllﬂ!ﬁii‘lﬂ‘]ﬂﬂuu ﬂ'lﬂqllﬂiﬂﬂ'ﬂﬂﬁuclﬂlﬂu@ Y1UIN LUBIN
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= = = ° | w g.‘/ F=N-7) H I~ A
annsaudtdynnliaiaouzuazlSgiimsnssindudenld saunslatiauidemtuiGmh
a2y a8 o w v 9 A2 2 o o qUYw o 4 o d =
mseuiunuasuiaanlduddayvunuingan Jeinh vddamaulameidunezanm

= s = o w 1 A o = ~1 1
MEFOUUUVIEIUAE HazADNILDMIATANYIANYII
9/ = 9 =Y o w a 1 =1 9 3’; a 1 ?J
lumslemsBoniuumasumanudyreie veesudnsgninudym lumsaunuiu
P & AN e 3 P 9 Y & a -~
Jaamfdanudenisi lilimsdirehunne luanmuedeniugveuny dunamsnlag
a 3’_, (% -] a{ = Y = o o r—} 1 ! o ﬁ; 1 o
UndtiusanesnunlslumsSouiunmaiuia wiimsguanmsgumanszyihn hilhives
A ’ . A & Aq g o a 5 & @ A A
1$199910 state-action value function W3oWaFuRlFlunIsIaNmMsaseyi luga ey Wuaan

A oA A s A \ P & o A
ﬁﬁ@uluﬂ Nﬂ']ﬂ’JuJﬂa‘]ﬂlﬂﬁﬂuqq luﬁamﬁijﬂu ﬂfJﬂﬂTﬂa'ﬂﬂﬂ']'iﬂizﬂ-llWﬂﬁ']S’Jﬂ‘lugﬂLlﬂu

o))

A o qouqu a A A 1 a9 o ) P
u%xmﬂwhnaﬂumsLifjug‘nu‘m ﬁiaamfﬂﬂnmmimiElugmmnﬁiuumuu“]llﬂmﬂ

= ci’ 3/ = A ad = L) 3 i
Tagamadetiazin 1l lumsfaen ten135n1sd s iming aununisunilymi Lasthit

18 block Creep 1111 Dota2 TAN13NAABUABNAITNITE15I0 lazAINITIiARs A1eq 1d
mnzaufumsdisnluumazdam iaz 198ane3iu DDON dhnsutlym Lasthit 14 DDPG

’c?’lﬂ%“ﬂﬂﬂlu‘m Creep blocking

= =) Y o a
3.2 uulAaluMsIaanlyoanasny

@

A Y a s g @ 99 ya wn
ﬂ1§!ﬂ'ﬂﬂ1‘ﬁ@ﬂﬂaiﬂl!ﬂ‘ﬂﬂiyw’]uu"]Tﬂﬂ‘ﬁﬁﬂ“] @Jﬁﬂ‘]&l']ulﬂ@\jﬂ1ﬂﬂ'l1lllﬁu1$ﬁu ﬂmﬁll'l]ﬂ
3

¥ o Y a9y A o a R a 4 9/
YDITNINILIAADUUUE UsznoUnulaAUoIFEURIoanDI Ny I@lﬂﬁlzwmimiﬂ’]ﬁm@ﬂi“ﬁ

@ a s s c%.’
BANDINUAIU

3.2.1 DDQN ﬁﬂﬂt\gﬂ] Lasthit Creep
DDON usaneifiui 1dTuaaudionlunisuddamiis1uauvea action 3
$117@ (discrete action space), @ 1u15019110 14418 Tf19619 source code ABUY 19N 15U
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