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Retnforcement Learning

* Solve sequential decision-making problems

* Learn policy to maximize total future reward
* Balance exploration and exploitation during training
* Learn from feedback of environment

(s) [Sutton & Barto, 1998]
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Retnforcement Learning

* Solve sequential decision-making problems

* Learn policy to maximize total future reward
* Balance exploration and exploitation during training

e [.earn from feedback of environment Low dimensional

problem space
(coordinates, few
parameters)

Little processing
power

[Sutton & Barto, 1998]
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Deep Retnforcement Learning

* Same as classic Reinforcement Learning, but ...
* Uses Deep Neural Networks as function approximator
* State abstraction and value/policy approximation within single network
* Enables to solve more complex problems

St+1, 1t

[Mnih et al, 2015]
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Deep Retnforcement Learning

* Same as classic Reinforcement Learning, but ...
* Uses Deep Neural Networks as function approximator
* State abstraction and value/policy approximation within single network
* Enables to solve more complex problems

High dimensional
problem space
(images, many

parameters)

- - -w 0000

More processing
power
Smart network

hi :
architectures [Mnih et al, 2015]
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inttLal observations

* Amazing results for single task learning with DRL

» Atar1 [Mnih et al, 2015], Robotics [Levine et al, 2016], 3-D
environments [Mirowski et al, 2016], ...

* BUT...

* Every new task has to be learned from scratch

e Sample nefficient

* Still relatively slow

* No usage of prior knowledge

* Few publications on multi-task learning with DRL

%r/ Ruben Glatt, Anna Helena Reali Costa 04/02/2017
‘2 Improving Deep Reinforcement Learning through knowledge transfer Page 8
N Escola Politécnica da Universidade de S&o Paulo



Transfer Learning

* Reuse existing knowledge while learning new task

Different Tasks Source Tasks Target Task

O @
!

!
o ) ]

[Pan & Yang, 2010]
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[Taylor & Stone, 2009]
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MotiLvation

* Abstract goal
* Improve and speed up DRL for multi-task with knowledge transfer

* Main questions
* How to guide learning to balance between past and current knowledge?
* How can we reuse existing knowledge?
* How to extract and conserve knowledge?

* Challenges
* Knowledge selection (what knowledge should be transferred)
* Knowledge source selection (what seems to be similar)
* Knowledge management (what to keep/discard)
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Key concept: Optio WS

* Options (also: skills, macro-actions)
* Temporally extracted actions for sub-task solutions
* Defined as 1nitiation set, option policy, and termination condition
* Flexible knowledge presentation for better generalization

Time ——

MDP //\/\\// I State
Options —v/\ _
over MDP A

[Sutton et al, 1999]
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Intended contribution
]
* Intended outcome

* Framework for option extraction and reuse for learning multiple tasks
using DRL approaches

* Research goals
* Learn to autonomously extract stochastic options
* Build self-extending option library

* Design an importance metric to choose right option for targeted
knowledge transfer when learning new task

* Why DRL?

* Integrate learning in single network structure
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Related worlk

* Deep Skill Networks

* Learns to use primitive actions or options for hierarchical tasks
* Deep Skill Module: Library of a-priori trained options

Input Hidden : H-D
layer layers Q layer R I DI’
X Control
;\ . b o IfL,Ror F
! — QR  — Me=LRorF n(s)
) :" s Qs F) B else if DSN
- ‘! @) Qs.DSN) s N(s)=Mosn (s)
State s -
: g\ \‘. “ Q(s, L)
{ . QG.R) .
. @ P Mosn (s)
Q layer of pre-
trained network
DSN
[Tessler et al, 2016]
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Related work

* The Option-Critic framework
* Learns options policies and termination function “on the go™
* No need to provide any additional rewards or sub goals

Policy over options

Option 2:

Option 1: : l
Go hunting

Get fresh air |

Tu'e
Gradients | i
.. TD error
5 Critic ‘(_QU, Bﬁ as
! Option 0 & Option 1 '
Tt I
= Environment I‘L
[Bacon et al, 2017]
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Progress
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Prelimaing ry work

* Multiagent RL based on teacher-student framework

* Knowledge transfer in form of advice through AdHoc communication
* Advisor and advisee can learn simultaneously
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[Silva et al, 2017]
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Prelimaing ry work

* “Baby steps” in TL for DRL

* Knowledge transfer through simple parameter initialization from
previously learned tasks

e Confirms results from classic domain
* Transfer works when source task well chosen

* Highlight importance of being able to start learning of new task with good set of
parameters

 But...

* No autonomous source task selection

[Glatt et al, 2016]
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Prelimaing ry work
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[Glatt et al, 2016]
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Next steps

* Investigate Policy Reuse for DRL
* Challenge

* Network structure for autonomous policy selection

Environment ]
r: a
s..1| Agent 1 t
Policy — Reuse S E&nd};}d D'QhN
strategy

Importance metric

Policy Library

[Fernandez & Veloso, 2006]
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Going further

* Gain more familiarity with knowledge transfer via options
* Option-Critic architecture
* Intra-option policy learning
* Hierarchical Reinforcement Learning

* Extend Option-Critic architecture to autonomously extend
option library
* Flexible Option-Critic architecture
* Multi-task learning
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me Up
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Sumnmia ra

* Facts
* DRL still slow and sample inefficient
* TL has great potential to improve DRL

* Especially options in combination with clever network architectures

* Intended research goal

* Develop framework that autonomously learns stochastic options and
builds an option library for knowledge transfer across tasks
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