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Human-Robot Collaboration

Attendant Robot Development
(One of AISL-TUT Research Topics)




Kenapa Jepang Mengembangkan Attendant Robot?

Japan’s Changing Population Pyramid (population by age)
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Sources: (For 1960 and 2010) Statistics Bureau (Ministry of Internal Affairs and Communications), Population
Census of Japan; (for 2060 projection) National Institute of Population and Social Security Research, Population
Projections for Japan (January 2012), based on medium-variant fertility and mortality assumptions.

https://www.nippon.com/en/ncommon/contents/in-depth/41813/41813.jpg

Sumber Gambar: https://www.nippon.com/en/ncommon/contents/in-depth/41813

(Koide et al., 2019)

(b) Range data.



Bagaimana Mengembangkan Attendant Robot?
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Can we make the robot able
to learn by itself?

Robot Learning
Is it possible? How?

Right image source: htt S'//bdtechtalks com/wp content/uploads/2019/04/art|ﬁC|aI |nte|||gence robot-math ipg



Pembelajaran Robot dan Reinforcement Learning (1)
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Sumber Gambar Kanan:: https://miro.medium.com/max/700/1*IWJWMeOQmI5kmPMGZ3tovA.jpeg



Reinforcement Learning dan Pembelajaran Robot (2)

Sensors:
DATA
e (Camera
e Lidar
e IMU
@

etc.  (State)

Robot (Agent)

—>

Actions

Move Forward
Move Arm
Stop

Turn Left

etc

Image Source: https://dej5y3fg919353ekq44ygvof-wpengine.netdna-ssl.com/wp-content/uploads/2021/03/Fetch-Mobile-Manipulator-Robot.jpg



When | perform an

Apa itu Reinforcement Learning? action, | will get a

reward.

hmm....

According to Sutton and Barto (2017)
Reinforcement Learning (RL) is a goal-directed | will learn with

learning from interaction that: strategy to maximize

the reward
e Learns whatto do

e Learns how to map situations to actions
e Learns to maximize a numerical reward
signal




Mekanisme Pada Reinforcement Learning

| have to maximize the
expected sum of reward
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Image Source: https:/lilianweng.github.io/lil-log/assets/images/RL_illustration.png



Reinforcement Learning Ingredients

e Agent - Implemented as a neural networks model which is designed to map
states into actions

e Environment - Must follow Markov Decision Process (MDP) that:
o Can be represented with set of states S
o Accepts set of actions A

o Has a state transition probability function P
o Has areward function R

e Learning Algorithm - Force the agent to maximize future rewards




Deep Reinforcement Learning

Agent e Deep Reinforcement Learning
(DRL) is the combination of
[ Action deep learning and
EE—

@, @\\
/} reinforcement learning
@ e InDRL, the agentis
implemented as a deep
learning model so that it can

Reward

| ' Ervitehrmert ﬁ map states into actions better
Observations

Image Source: https://arxiv.org/pdf/1810.04107.pdf



Contoh Implementasi DRL Pada Game

e Intheir paper in Nature,
Mnih et al. (2015)
implemented a DRL agent
based on Convolutional
Neural Networks (CNN)

e State in the environment
is implemented as the
video game screen

Convolution Convolution Fully connected Fully connected
v W v v

Image Source: https://www.datascienceassn.org/sites/default/files/Human-level%20Control%20Through%20Deep%20Reinforcement%20Learning.pdf



Contoh Proses Pembelajaran di Game

e Environment — Atari Breakout

e Learning Algorithm — Deep Q
Learning

e Reward Function — Implemented
based on the game’s scores
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Video source: https://www.youtube.com/watch?v=V1eYniJORnk


http://www.youtube.com/watch?v=V1eYniJ0Rnk

Implementasi DRL Untuk Pembelajaran Robot

e |Implementing the environments for

the training process:
AGENT ENVIRONMENT o _ ,
-State s €S o Realistic robot simulation
o Real world environment

e Implementing the appropriate

™
a {J reward function which can guide
\_/

the robot to perform a specific task
- Getreward
-Newstate s’ € S correctly

- Take action a € A

Image Source: https:/lilianweng.github.io/lil-log/assets/images/RL_illustration.png



Mengimplementasikan Environment

V.S.

Simulation Environment (Gazebo simulator) Real World Environment

Image Sources: https://docs.fetchrobotics.com/_images/gazebo.png, https:/miro.medium.com/max/2840/1*HT-vGgmrcovVU1PDzcbwOA.png



Video

DRL Training Pada Real World Environment

Haarnoja et al. (2019)

Source: https://www.youtube.com/watch?v=n2gE7n11h1Y&t=1s

Train a legged robot to walk directly
in real world

After 108 minutes, with Soft
Actor-Critic learning algorithm, the
robot can walk appropriately

After obtaining the optimal policy,
the robot even can walk properly
under some disturbance


http://www.youtube.com/watch?v=n2gE7n11h1Y

DRL Training Pada Simulated Environment

e Train a bipedal robot to walk
with simulated environment
MuJoCo simulator)

e Domain randomization
technique is used so that the
optimal policy can be o ST
transferred from simulator to L P Rejccion
real world smoothly
(sim-to-real transfer)

Li et al. (2021)

ource: https://www.youtube.com/watch?v=goxCjGPQH7U


http://www.youtube.com/watch?v=goxCjGPQH7U

Implementasi DRL Untuk Person-Following Robot

reward = 1 reward = 1 reward = 1

Important tasks/aspects are
excluded:
e Navigation
e Obstacle Avoidance
e Target person’s
comfortness

Pang et al. (2020)

Video Source: https://www.youtube.com/watch?v=CuCXluONwkk


http://www.youtube.com/watch?v=CuCXluONwkk

Person-Following Task Decomposition

|

Navigation Task J

\ 4

Navigation Policy

(Dewa & Miura, 2020)

-
(a) (b)

Attending Policy (Dewa & Miura, 2021)

Person-Following

Person-Following
Policy

Attending Task

Image Sources: A Framework for DRL Navigation With State Transition Checking and Velocity Increment Scheduling, IEEE Access (2020). Training a Robot to Attend a Person at Specific

Location Using Soft Actor-Critic Under Simulated Environment, International Symposium of System Integration (SII) (2021)



Integrating The Navigation and The Attending Policies

1) Initial Policies Training 2) Policies Combination Training
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Image Source: Integrating Multiple Policies for Person-Following Robot Training Using Deep Reinforcement Learning, IEEE Access (2021)
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