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Action (a)

| b

Jump, forward, backward, run, -

State (s)

Position of agent, enemy, coins

Reward (r)

Q Environment

Good Bad
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Deep Q Network
Rainbow DQN
Deep Deterministic Policy Gradient
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Uni’ry@

& unity

Machine Learning
Agents

2017.09.19 &=A -> HA™ H7H 0.8
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State, Reward

Agent Environment
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S UE EY Ul U SS HI QWS Y A S
» Pythonit Unity & ™ F E4| 7% (state, action, reward)

= Agent, Brain, Academy& 374
» Agent: Agentell ti¥F 3 E AfA], Observation, reward, donel ¥ T E ) A
» Brain: Braing £ agent& M1¢tE 4ftd 7 U Observation, action®ll Htr A7 s
» Player: 3] Atgfel E8°| Y & &= brain 47
» Heuristic: AtH°|l ANt A4 2 &3 actions M $t= brain A7
» Internal: & H 242 &3 Unity HEHAM T HEZ S8 ¥t brain 478
» External: 2|8 Python L ELt Unity TH IF EAS & 4 oM #t= A%

= Academy: Braing 53 & stH H YA HiFF ofefi 47 5
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= ML-agents U HE A ML-agents ZE27 E HrT]
= https://github.com/Unity-Technologies/ml-agents

» ML-agents T2 E °| [UnitySDK Z 5 -> Assets Z20| WE 2] ZEHE Y E[2] Assets HHE SAF

‘ Branch: master v ’ ml-agents / UnitySDK / Assets /

. eshvk Merge pull request #1930 from Unity-Technologies/release-v0.8-model-u...

i Gizmos Removed .DS_Store file
i ML-Agents Merge pull request #1930 from Unity-Technologies/
&) ML-Agents.meta Renamed MLAgentsSDK to UnitySDK. (#1170)
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» Assets & 2] [ML-Agents £ 5 -> Examples ZF -> Template EC|2 ZEES o £3FH T3 Al
» Agent 23 HEE H Y WA M ALY cHAarH 9 H
= 1f Agent 23 Y E-] #HH¥tE Brain Y5

» ¥ PEHMEE MA X Academy 2AAHEE HEH

Agent 4 &
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s ASYE WRE4TM Hoa2 A

CollectObservations £ HM 2 AFE|E |28 NEEZ N7F (ex. HAl &FE (x,y, z2), U= HE (x, y,2), & &)

AgentAction T4 Actiong U H 22 dhn 35t Action®ll &t A S H A |HEE MAYA HNY > °|&, I E&5 =2 1
AgentReset &4 Hd #HTre| S H+ (Done) A IHEA titr A2 Y (ex. HAl =712 7 7|2t

AgentOnDone 4! “l° | HEE He|nt AFEFFA] b2 ™ 5 E 4 WAl DestroyE Ar&%FS ~°|HEE M ™

= |[nspector View

i

Brain: #HF “l°IHES HH AHLE =2aolg 7Y “
Agent Cameras: °| 0|~ U3 Z U H+ ArLE FtHEE A7

Max Step: H Y °l Max Step?r2 Tl = H H Y Tr=rZ Z 4!

Reset On Done: °| AN °| M2 & {°F Done°| & H-% AgentReset &4 &
On Demand Decisions: E7 °|HI ETL SrAigfi 2 {oF 2HH S HIIEE A7

Decision Frequency: 35 ARIOFCE S M M 2 FItEE A7
20
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Brain §3

» 3R] ZF7 2] B4
» Player: &7 ArE e &8¢l & & &= brain A7
w AEEUHEZS Y ANHAN A IHEE IEEE MAY & S
» Heuristic: AFH°| A7 ¢F 7% F &3 actiond A ¥t= brain 47
» Decisions 23 HE A AfEi St 482 A0 s A& o2f S rEAFEE A7
» Training (Internal): Unity*ll &&= 2 &S YHAED T HE Z8 |3t brain 47
= ML-agentseIM M2 2 NI¥ts DEE HHZ HE3H nn IFY Al A
» nn IFY S training brain®ll S HFH TS = HE A IHET Y=

= Training (External): & & Python ZELt Unity &H 1t E4MZ & & UM = A7

» Python @ E | observation, reward, done N EE MH*t1D python A EEEE qction Y EE &
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Brain §

- 239 AN (RE 23 LEN°2 §4)

= |[nspector View
= Copy Brain Parameters from: B8 {1 2] TtEH0| & = A}

= Vector Observation

» Space Size: Vector Observation2 31| H7

» Stacked Vectors: A7 ¥F 2”03 vector N E & stack
= Visual Observation

» Visual observation2| 3 7|2t grayscale 95 H7

= Vector Action
= M2l =7 ol W4 H7N -> Action Descriptionsell 2§ /@l cish A5 =h4
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Brain §3

= Player 232 7%

2 44
Branch 0 Branch 1

0 1 2 0 1
(Space) (Up) (Down) (Left) (Right)
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Brain §3

» Heuristic 28] A7
= Decision Script™l A Y & Decision 23 HE Tt 9 H

. MewHeuristicBrain e

» Training 28121 7
n HE WEAN AFLE nn 23 9H S 94F ~FA| HA
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Academy @

s AZYE YRl Haz A
» InitializeAcademy &4 T He| M3 ASHE I o 3tH T === e
» AcademyReset &4 of A T AE B ofjofcy $rHM ¥ X thp
» AcademyStep &4 O0f AB|OtCE ¥ &&= p

= |[nspector View

» Broadcast Hub: #i5f EHHAM AFLEH B8 & =Tt
= Learning brain2 control& M3 *H external, M3 ¥R ¢f°H internal
» Max Steps: Global done= Hif A A8 (Z& ~l°IHEE =12
» Configuration: &H2| 37|, J2iT E4, IH HJH°|E &1 5 H
= Training Configuration: ¥&%h of EHef ozt A7
» Inference Configuration: tf&°| Z4O HAE & of 2He it A7

» Reset Parameters: L& (python) I ZHE 4 o= Trakojg A7
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Agent Agent Agent Agent Agent Agent Agent
iy A2 B1 C1 D1 D2 DK
Brain A Brain B Brain C Brain D
(Internal) (Heuristic) (External) (External)

,

External ulely
Academy (rensorton

Learning Environment
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Agent A E Brain A7 Academy A7

@ . Training

A

- . Heuristic
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& unity
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2018 IEEE Intelligent Vehicles Symposium (IV)
Changshu, Suzhou, China, June 26-30, 2018

Deep Q Learning Based High Level Driving Policy Determination

Kyushik Min, Hayoung Kim and Kunsoo Huh, Member, IEEE

v ":v2018

The 29th lEEE Intelhgent Vehlcles Symposmm

OIEEE!@ > = As'vmonn
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Speed Lane Change Overtake
e Average Speed/ 5 Episodes of DRL algorithms 1o, Average Lane Change/ 5 Episodes of DRL aigorithms - Average Overtake / 5 Episodes of DRL algorithms
Multi Input
74t li. = = =Image a0t
2 - == Sensor
| L
72 r g 35f
L © 100 i3]
70 E’ S %
68 oo | g
2 BD _é 25 -
66 5 5
5 | g 1
84 g o S @
£ 3 45
62 2 wf g
60 Z10f
20 Multi It
58 5r = = =|mage
----- w
56 0 o
0 2 4 6 8 10 12 o 2 4 6 8 10 12 o 2 4 6 B 10 12
step step «10% step «10%

Input Configuration

Average Speed (km/h)

# of Average Lane Change

# of Average Overtaking

Camera Only 71.0776 15 35.2667
LIDAR Only 71.3758 14.2667 38.0667
Multi-Input 75.0212 19.4 44 8
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IEEE TRANSACTIONS ON INTELLIGENT VEHICLES, VOL. -, NO. -, AUGUST 2019 1

Deep Distributional Reinforcement Learning Based
High Level Driving Policy Determination

Kyushik Min, Hayoung Kim, Kunsoo Huh, Member, IEEE

IEEE Transactions on Intelligent Vehicles (T-1V)

. TV IEEE Transactions on Intelligent Vehicles is a new journal for the field of ITS.

« Editorial Board Transactions on Intelligent Vehicles will be published four times per year.

R Scope
* Author Information The IEEE Transactions on Intelligent Vehicles (T-IV) publishes peer-reviewed articles that provide innovative
research concepts and application results, report significant theoretical findings and application case studies, and
raises awareness of pressing research and application challenges in the areas of intelligent vehicles, and in
particular in automated vehicles.
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24 Average Speed of 3 inferences 50 Average Lanechange of 3 inferences

72t T~ a5

jor 40 F

o+ = = = DON(Multi-input)
— 68 - © 35 - s =&— DDDAN{MultiHnput)
ﬁ O —9\_\9 =2 QR-DON(Multi-input)
£ __,..-..________..--"'" g | |- QR-DQN(Image)
o 66 [ o= O 30F i QR-DQN(LIDAR)
ﬁ ,? [= = - panmutiinpu e
Tl o i@ DDDAN(Multi-nput) 8ol
s QR-DQN(Multi-input)
----- QR-DQN(Image)
62 F @ QR-DAN(LIDAR) e ————— 20F
illvnlllnﬁi'l""---
- -—i ——-.-.__-___-
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Discrete Action Continuous Action Adversarial Agents

Curriculum Learning Imitation Learning Multi-agents
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Sokoban

= ML-agents2| example £l GridWorld & H2& 27+
Sokoban>Z HH

» Discrete action ¥ ¥
w OIFEF U2 ZEM BFAR 0N +of i He| B2
n HFAT x| E4MHY agentTF +4 xl E7FH U

» resetParameterE E* H YT At | =, +2] T4, 2fAa 2] 4,

x Wa mH s

» DQN(Deep Q Network)= °| &3t TG ¥
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Drone

Unity Asset storeli &= E2 23 F °|43FH A 7Tf

EE°| 3 AATEA okt Hel =&

IR, HE U2 olg

Deep Deterministic Policy Gradient (DDPG) 40852 &3 &

HEHI L°|=E o H4FA| 2 2 exploration 43
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Sokoban Curriculum

» AT HHZ HESES curriculum HH 22 NTF

- HET AYHAE WUT 27E sRD 42 2ok gac 4
S Y ERlE 4ra 22 delE s
= level-0: "gridSize": 4, "numGoals". 1, "numBoxes": 1, "numObstacles": 1
= level-1: "gridSize": 6, "numGoals": 4, "numBoxes": 1, "numObstacles": 1
= |evel-2 : "gridSize": 8, "numGoals": 6, "numBoxes": 1, "numObstacles”: 1
= Jevel-3 : "gridSize": 10, "numGoals": 7, "numBoxes": 2, "numObstacles”: 1
= level-4 : "gridSize": 10, "numGoals": 6, "numBoxes": 3, "numObstacles”: 1

= level-5: "gridSize": 10, "numGoals": 5, "numBoxes": 4, "numObstacles": 1

= Dueling Double DQN Y252 3 &4
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- THER WRTE AP R SN CIHA LA T2 TsHE HY

= AFEF 2| E 2l °| & recording demonstration A EE &3 1| &

= State, action, reward, done Y EE 1 E¥F demo I+tLZE ~~Af
» Python AfeIM 3l N2 5 2 E £ Supervised learning 118 €& 4¢

= Action HIIE softmaxE E3 HEE2 HI T HE Y22 action M H

v ¢ |+ Demonstration Recorder (Script) E| L+
Script DemonstrationRecorder 2
Record (v

Demonstration Name  AgentRecording

€S O teeo1 19ttud 9oniz 2bnoose
4 Ll LS A —
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https://github.com/reinforcement-learning-kr/Unity _ML_Agents
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https://www.facebook.com/groups/ReinforcementLearningkKR/
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