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State Abstraction

Definition. A state abstraction is a function ¢ : S — &y
that maps every ground state to an abstract state.
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Action Abstraction
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Action Abstraction
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o1=(0, (), m)
[Sutton, Prec((m S| h 7%99]
702

Definition (Option): A start cot
condition, and a policy.




Action Abstraction

Definition (Action Abstraction): An action abstraction

replaces the primitive actions with the option set O.
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Desirable Abstractions

0 [T,

Q: Which kinds of a:bstract:ions are desirable?
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Abstraction Desiderata

Easy To Construct

State & Action
Abstractions

Effective RL

MDPs
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State Abstraction as Compression

[AAAJWL, AAAI 2019]

High Value Some Value No Value
No Comypression Some Comypression High Compression

Question: How can we construct state abstractions that
trade-off between compression and representational quality?

Dilip Kavosh Yul Lawson Michael L.
Arumugam Asadi Jinnai L.S. Wong Littman
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Rate-Distortion Theory
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Rate-Distortion Theory
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INnformation Bottleneck

Dog?
Boston Terrier?
Barley?

> d(y,7)

[Tishby, Pereira, Bialek '99]
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State Abstraction as Compression

11,0,..., 1]
MDP S 3¢ s s
¢ Agent —— d(7g, 7T,))
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State Abstraction as Compression

DIB Objective

[Strouse & Schwab, '17]

E [ Dxr(7te(s) | ﬂcp(fP(S))])
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State Abstraction as Compression
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EXperiments: Four Rooms
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EXperiments: Breakout

= [
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Mean Episodic Reward
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Extension: Continuous State

Theorem. For any 6 € (0,1), n the size of the training data set,
A € R training loss, and p a fixed distribution on states used to train
¢ € ®, with probability at least 1 - ¢:

[ Y

1

E[|(7¢1s)-m3(19))], ] < . “2/aRad(®) N\ <

[Bar:/ez‘z‘, Mendelson '02] _
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Cumulative Reward
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Extension: Continuous State
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Experiments: Lunar Lander
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Options for Planning

[JAHLK, ICML 2019]
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Action Abstraction, O
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Question: How can we find the set of options that make

planning as fast as possible?

IO/’O/'.QCZL —” Jdinnai Hershkowitz . Littman Konidaris



Options for Planning

[JAHLK, ICML 2019]

Theorem. Finding the set of options that
minimizes planning time is:

1) NP-hard in general.

1—¢
2) 2'98" " _hard to approximate.!

1Unless NP ¢ DTIME(#nPOY°8™)  [Dinjtz et al. 2012]

Queéstion: How can we find the set of options that make
[p/ann/ng}as fast as possible?
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Empirical evaluation

[JAHLK, ICML 2019]
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A New Option Model

[AWAL, [JCAI 2019]

............

John Marie Michael L.
Winder desdardins Littman
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A New Option Model

[AWAL, [JCAI 2019]

Question: How can we efficiently estimate the
transition and reward models of options?
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A New Option Model

[AWAL, IJCAI 2019]

@

T,(s"|s,0) := iykﬁ(sk)ﬂj(sk =s'|s,0)

_1rk s,o]

Multi-Time Model
[Sutton, Precup, Singh 1999]

R+(s,0):= E [r1+’yr2...+q/k

kSl K
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A New Option Model

[AWAL, IJCAI 2019]

Expected Length Model
k=TE[ /~_]

.

Tﬂk(sl ‘ S/O) += ’Yykp(sl ‘ S,O),
Ryk(s,o,s’) = YW E [r1 +1y.. Ty, | s,o],

where y =E[k|s,0].
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A New Option Model

[AWAL, IJCAI 2019]
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A New Option Model

[AWAL, IJCAI 2019]

Value Difference
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A New Option Model

[AWAL, IJCAI 2019]

Lemma. There exists a T > 1 such that

T, (s"|5,0) = Ty (s | 5,0)| < yPe T (2T + 1) Pmin,

Lemma. In stochastic shortest path MDPs,

IRy (8,0) =Ry, (s,0)| = |T,(5¢ | 5,0) = Ty, (8¢ | 8,0)].

Theorem. In stochastic shortest path MDPs,
e(1— ") + " SRMAX
(1= yt) (1 =yt + 5yt)

36
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A New Option Model

[AWAL, [JCAI 2019]
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A New Option Model

[AWAL, [JCAI 2019]
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7. Value-Preserving Hierarchies
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Value-Preserving Hierarchies

[AUKAPL, AISTATS 2020]

: A : A Ve R

Hierarchical Abstraction

Qded RT
Error /
Abstract Solution .

Nathan Khimya Dilip Doina Michael L.
Umbanhower  Khetarpal Arumugam Precup Littman
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Hierarchical RL




Value-Preserving Hierarchical RL

‘ [Ravindran, Barto ‘03, '04]

[Majeed & Hutter '19]

Question: Which combinations of state abstractions and

options preserve representation of good behavior?

42



¢-Relative Options

Goay

(1) State Abstraction, ¢

(2) Action Abstraction, Oy

@tart

[McGovern and Barto, '01]
[Mannor et al. '04]
[Provost et al. '06]
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¢p-Relative Options

0> 04

tions must respect the
tract state boundaries.

Giveré)b

Definition. A set of options is said to be ¢-relative, denoted Oy, if:
1. Each o € Oy initiates in some s,, terminates when s ¢ 5.

2. For each abstract state, there is at least one o0 € O that initiates in
that state.
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@d-Relative Options

(1) State Abstraction, ¢

(2) Action Abstraction, Oy
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@d-Relative Options

(1) State Abstraction, ¢

(2) Action Abstraction, Oy
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¢p-Relative Options

(1) State Abstraction, ¢

(2) Action Abstraction, Oy

Question: Which @, (9¢ pairs induce a policy class ng

such that the best abstract policy is still pretty good?
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Value-Preserving Abstractions

Theorem. There exist at least four classes of
¢, Op with bounded value loss:

J
min max V*(s)—Vnoﬁb (8) ) <1,
711(19 el—Il(J9 5€5

¢

where 7p varies depending on the class.

Question: Which @, Ogb pairs induce a policy class H?%
such that the best abstract policy is still pretty good?
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- Re\atlve Ophon C\asses
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05, = (5 €5¢/5 § 54),)

initiate  terminate ﬁolicy
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¢-Relative Option Classes

Expressive Q* Options Expressive Model Options

[Ry(5¢,0") = Ry (54,0)| < €R
and

1Ty (- 15p,07) =Ty (- | sg,0)ll2 < €7

Q" (sp,0) = Q7 (59, 05,)| < £

Expressive k-Step Options Homomorphism Options

max |P(s’,k|s,0;)-P(s',k|s,0)|<T %—)E
s€5p,5'€S ¢

[Nachum et al. 2019] [Ravindran and Barto 02, ‘03, ‘04]
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Value-Preserving Abstractions

J
Theorem. min max (V* (s) — V% (S)) S

J | seS
7T, €ll
Op
Expressive Q* Options Expressive Model Options
€Q er +|SlerRMaAx
1-7y (1-1)?
Expressive k-Step Options Homomorphism Options
Ty|S| 2 YRMAX €
e, +
(1-7)? -7 1-y 2
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Value-Preserving Hierarchies

Cross river

Definition. A depth d hierarchy Hy is defined by the pair

P = (pr, d2, .. Pa),
O = (01,0,,...,04).

|4 | 4 2
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Value-Preserving Hierarchies




Value-Preserving Hierarchies

Assumption 1. The value function is consistent throughout the
hierarchy.

D value

expressivity

Assumption 2. Subsequent levels of the hierarchy can represent
policies similar in value to the best policy at the previous level.

[:] policy

expressivity
54



Value-Preserving Hierarchies

Assumption 1. The value function is consistent throughout the
hierarchy.

value

Assumption 2. Subsequent levels of the hierarchy can represent
policies similar in value to the best policy at the previous level.

policy
expressivity expressivity

Theorem. Any hierarchy H, that satisfies Assumptions
1 and 2 has bounded value loss:

value expressivity

I‘ﬁu;IIUIISIE%X(V (s) — Vﬂd(S)) <d(@ .)

policy expresswity
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Value-Preserving Hierarchies

Theorem. Any hierarchy H, that satisfies Assumptions
1 and 2 has bounded value loss:

value expresswﬂy

min max (V (s) - V”d(S)) <@(@ l)
NUGHU SES . - ”
epth policy expresswl y
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Value-Preserving Hierarchies

v a N

Hierarchical Abstraction

Bounded

Wr y

Abstract Solution L )

Theorem. Any hierarchy H, that satisfies Assumptions
1 and 2 has bounded value loss:

value expresswﬂy

min max (V (s) - V”d(S)) <@(® l)
NUGHU SES . - ”
epth policy express1v1 y
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Question: How do effective RL agents come up with the right
state and action|abstractions of the MDPs they inhabit?

Dissertation: david-abel.github.io/thesis.pdf
Contact: dmabel@deepmind.com
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