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Abstraction

Question: How do intelligent agents come up with the right
abstract understanding of the worlds they inhabit?
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Reinforcement Learning

Central Formalism: Markov Decision Process (MDP):

S A set of states.
A A set of actions.
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Central Formalism: Markov Decision Process (MDP):

S A set of states.
A A set of actions.
R:SxA—->R A reward function.
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Central Formalism: Markov Decision Process (MDP):

S A set of states.
A A set of actions.
R:SxA—=R A reward function.
T:5%xA— Pr(S) A transition function.
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Reinforcement Learning

Central Formalism: Markov Decision Process (MDP):

S

A

R:SxA—->R
T:5xA— Pr(S)
v € 10,1)

A set of states.

A set of actions.

A reward function.

A transition function.

A discount factor.
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Goal: Maximize long term expected reward.
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Policy: T:S —> A

Goal: Maximize long term expected reward.
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Goal: Maximize long term expected reward.
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Policy: T:S —> A
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Goal: Maximize long term expected reward.
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Reinforcement Learning
Policy: T:S —> A

Value: VW(S) — R(S,’/T(S)) —+ 7y Z T(S ’/T(S), S/)Vﬂ'(sl)
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Action o7 (s q) =R (s, a)l+ v T(s,a,s V(s
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Reinforcement Learning
Policy: T:S —> A

Value: V7(s) =R(s,m(s)) +v Y T(s,m(s),s)V"(s)
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ACtion O™ (s,a) =R (s,a)+~ T (s,a,s ) V™(s
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Goal: Maximize long term expected reward.
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Policy: T:S —> A

Value: Vﬂ<8) — R(S,’/T(S)) —+ 7y Z T(S ’/T(S), S/)Vﬂ'(sl)

s’'eS
Action  Qm(s,a) = R(s,a) +7 Y T(s,8,8)V"(s)
Value: oy

Optimal:  V7™(s) = max V" (s) Q*(s,a) = max Q" (s, a)
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Goal: Maximize long term expected reward.
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State Abstraction

Definition (State Abstraction): A state abstraction, ¢ : & — Sy,
is a function that maps every ground state to an abstract state.

/3] [Jong, Stone '05] [Ortner et al. 07, "14
/8] [Ferns et al., 04, 06] [Hutter 14, 16
et al. 95] [Liet. al ‘06] [Jiang et al Z3
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terrich 00| [Castro, Precup 09 /[ IMenashe, Stone
e. Russell '02] [Van Seijen et al. "14] [Misra et al
avindran, Barto ‘03, '04] 16 IHostetler et al. '14, '15
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Definition (Option): A start condition, end

condition, and a policy.
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Action Abstraction

Definition (Action Abstraction): An action abstraction

extends the primitive actions with the option set O.
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[Sutton, /—”/"@cup. Singh '99) [Bacon etal. '17]
[Konidaris, Barto ‘05, ‘06 [}f'f/‘z,,/ etal. 17, '17]
[Jong, Hester, Stone ‘08]  [Machado et al. '17]
[Mugan, Kuipers ‘09, '12] [Harutyunyan et al. '18]
[Brunskill, Li "14] [Eysenbach et al. ‘18]
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Question: How do:intelligent agents come up with the right

abstract understanding of the worlds they inhabit?
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Compression vs. Value
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Question: Can we find state abstractions that minimize |S¢>|
while still representing good policies?
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Problem: mln I(X; X)+BE[d(z, )] .

Rate Distortion
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Question: Can we find state abstractions that minimize |S¢|
while still representing good policies?

Answer: Yes! But, perhaps state space size isn't the full story.




Results Summary

State
Abstraction

e
......
.
.
.
.
.
.




Results Summary

State Action
Abstraction Abstraction
3
\JI 1 V \ \ \\/ 7 ( )/ ? /!‘Hn,/A !’z’. j/’_ ;Lﬂ/ﬂ‘ L 1 ¥) :

Yuu
4c Jinnai




Action Abstraction

[ 14N (v 1r Qinmyh 10001
,/ UL i 1. 1 10U U ) \j/ll oI / ')C/.\//
L ! L ’

Definition (Option): A start condition, end

condition, and a policy.




Action Abstraction

al

I~
N/

(

one
Example: Y

01_( r r'/T) ...

02 = ( ’ /*7T) |
00
009
., 00

[Qittnn Proriin {[inAah 10«
[Sutton, Frecup, Singh 19

L

Star

Definition (Option): A start condition, end

condition, and a policy.

43




Finding Options for Planning

—~— ~—~—~
-~ —~

Action Abstraction, O . " .

o
AL .“

bt

Ab‘ét.ra,ct Policy




Finding Options for Planning

\:, "\:,
S S
- || Q -
K TN
N/ N/

Action Abstraction, © .\"—.

- 90
«¢ @90

Abstract Pol b0«
ystract Policy ;

Start

. Start




Finding Options for Planning
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Question: Can we find the set of options that make
planning as fast as possible?
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Finding Options for Planning

Definition (Value-Planning Problem): Given an MDP M and € € R+,
return a value function, V such that |V (s) — V*(s)| < e for all s € §.

-------------------------------------------------------------------------------------

Queéstion: Can we find the set of options that make
( p/ann/ng}as fast as possible?




Finding Options for Planning

Definition (Value-Planning Problem): Given an MDP M and € € R+,
return a value function, V such that |V (s) — V*(s)| < e for all s € §.

-------------------------------------------------------------------------------------

# |terations needed for value iteration to converge

Queéstion: Can we find the set of options that make
( p/ann/ng}as fast\as possible?
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Value lteration with Options
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Value lteration with Options

Viei(s) :{ max J (RW(S, 0) + Z T.(s | s, O)Vi(s'))

oc AUQO
5 s’'eS
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Planning with options
and primitives

Multi-time model
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Finding Options for Planning

Definition (Value-Planning Problem): Given an MDP M and € € R+,
return a value function, V such that |V (s) — V*(s)| < e for all s € §.

# |terations needed for value iteration to converge

gauestion: Cah we find the set of options that make
[p/ann/ng}as fast as possible?
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Finding Options for Planning

Theorem. Finding the set of options that

minimizes planning time is:

1) NP-hard in general.

=& . ,
2) 208" " " _hard to approximate.!

'Unless NP C DTIME(nP°Y1°8™)  [Dinitz et al
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Results Summary

Question: Can we find the set of options that minimize
the number of iterations of VI7

Answer: Yes, but it takes serious computational work.
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Hierarchical Abstraction

a

Theorem. Well chosen @, O¢ , preserve value:

V*(s0) — V7™ (s0)| = O(d)
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