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Motivation |

Reinforcement learning (RL) is a family of algorithms for controlling an agent that acts in an
environment. The goal is to maximise some measure of cumulative reward that the agent

receives.
state reward
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Motivation Il

Despite of the recent advancements, there still are many challenging tasks.

rrrrr

Montezuma's Revenge Animal-Al Olympics NetHack
[Bellemare et al., 2013] [Beyret et al., 2019] [Kiittler et al., 2020]

We aim to solve this kind of tasks by exploiting their structure in the form of (temporal)
abstractions.
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Motivation |l

Finite-state automata have been used as a means for abstraction across different areas of
Artificial Intelligence (Al):

e Control of agents in robotics [Brooks, 1989] and games [Buckland, 2004].

® Planning [Bonet et al., 2009, Hu and De Giacomo, 2011, Segovia Aguas et al., 2018].

® Reinforcement learning:
® Abstract decision hierarchies [Parr and Russell, 1997, Leonetti et al., 2012].

® Memory in partially observable environments [Meuleau et al., 1999, Toro Icarte et al., 2019].
® Represent reward functions (reward machines) [Toro Icarte et al., 2018].

® Ease the interpretation of the policies encoded by neural networks [Koul et al., 2019].
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Problem Formulation |

We consider episodic POMDPs
The OFFICEW i Toro | I, 2018
MZ — <57 5T7 SGa Z, A, p,r,7, V> where: e OFFICEWORLD environment [Toro lcarte et a ]

® S is a finite set of /atent states, 3 D % % C

® S+ C Sis a finite set of terminal latent states, 6 o

® Sc C St is a finite set of goal latent states, z * p = *

® 3 is a finite set of visible states, 3

® v:S5 — A(X) is a mapping from latent states to i A * X & B
probability distributions over visible states, and 0

o A p,r and v are defined as for MDPs. 012345673891011

Example — Deliver coffee to the office while avoiding * (COFFEE).

® |latent state: (x,y, has_coffee) ® Goal state: (4,4, T)
® Visible state: (x,y) ® Terminal states: (4,7,T), (4,7,1), ...
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Problem Formulation Il

® At each step t, the agent observes a tuple o; = (or, 0] ,0C), where:

° 02: € Y is a visible state,
® o] =1I[s; € S7] indicates if the latent state is terminal, and
® 5% =1[s; € S¢] indicates if the latent state is a goal state.

® The tasks are enhanced by a set of propositional variables O (also called observables).

® A labeling function L : ¥ — 2© maps visible states into subsets of observables called

observations.
8
7| [p * * C Examples
6 ® ¥
5 e Att=0, o = ((4,6), L, 1).
‘3‘ * ° = * ® Observables O = {s#,,0,A, B, C,D, *}.
: . ° L((4.6) = 0.
1| A * x B
0 ® [((3,6)) = {s}.

0123456738 91011
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Subgoal Automata

A type of deterministic finite automaton that encodes the subgoals of an episodic
goal-oriented task as propositional logic formulas.

otherwise

*
fin o
= | X start —

® /\ -0 * N\ e

O~ N WP OO N ©
*
(o)
*
/

0123 45¢6 78 91011 otherwise otherwise
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Subgoal Automata

A type of deterministic finite automaton that encodes the subgoals of an episodic
goal-oriented task as propositional logic formulas.

otherwise

*
fin o
= | X start —

® /\ -0 * N\ e

O~ N WP OO N ©
*
(o)
*
/

0123 45¢6 78 91011 otherwise otherwise

Traces

® Execution trace: A\

® Observation trace: A\ o
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otherwise

*
fin o
= | X start —

® /\ -0 * N\ e

O~ N WP OO N ©
*
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*
/

0123 45¢6 78 91011 otherwise otherwise

Traces
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otherwise

e

® /\ -0 * N\ e

>o

O~ N WP OO N ©
*
(o)
*
/

0123 45¢6 78 91011 otherwise otherwise

Traces
® Execution trace: A = (((4,6), L, 1), <,

® Observation trace: A\ 0 = ({},
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Subgoal Automata

A type of deterministic finite automaton that encodes the subgoals of an episodic
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8 otherwise

7 D * * C

6 %

5 m

4 ¥ o = * ® A\ -0 * N\ e

3

2 = -

1 A * * B otherwise

0 /
0123 45¢6 78 91011 otherwise otherwise

Traces
® Execution trace: A\ = (((4,6), L, 1), <, 0,((3,6), L, 1),

® Observation trace: A\ o = ({}, {=},
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8 otherwise

7 D * C

6 w % start ~>

5

4 % ° = % ® \ 0 * N\ e

3 /

2 i’ O\ 7N

1 A * * B otherwise @

0 /
0123 45¢6 78 91011 otherwise otherwise

Traces
® Execution trace: A\ = (((4,6), L, 1), <, 0,((3,6), L, L), —,

® Observation trace: A\ o = ({}, {=},
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8 otherwise
7 D * * C
6 &
5
4 % ° = % ® \ 0 * N\ e
3 /
2 - @/\O : e
1 A * * B otherwise
0
0123 45¢6 78 91011 otherwise /otherwise

Traces
® Execution trace: A\ = (((4,6), L, L), <, 0,((3,6), L, L), —, 0,((4,6), L, L),

® Observation trace: A\ 0 = ({}, {=}, {},
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8 otherwise
7 D * * C
6 *
5 %
4 % ° = % ® \ 0 * N\ e
3 /
2 = ° ‘o
1 A * * B otherwise @
0123 45¢6 78 91011 otherwise otherwise
Traces
® Execution trace: A\ = (((4,6), L, L), <, 0,((3,6), L, L), —, 0,((4,6), L, L),
1

® Observation trace: A\ 0 = ({}, {=}, {},
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8 otherwise
7 D * * C
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5 %
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3 /
2 - @/\O : e
1 A * * B otherwise
0
0123 45¢6 78 91011 otherwise /otherwise

Traces
® Execution trace: A\ = (((4,6), L, L), <, 0,((3,6), L, L), —, 0,((4,6), L, L),
1, 0,{(4,5), L, 1),
® Observation trace: A\ 0 = ({}, {=}, {}, {},
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8 otherwise
7 D * * C
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Subgoal Automata

A type of deterministic finite automaton that encodes the subgoals of an episodic
goal-oriented task as propositional logic formulas.

8 otherwise
7 D * * C
6 *
5
4 % % = % ® \ 0 * N\ e
3 /
2 - (/\
1 A * * B otherwise @
; O S e
0123 45¢6 78 91011 otherwise otherwise
Traces
® Execution trace: A = (((4,6), L, 1), <, 0,((3,6),L,1), —,0,((4,6),L,1),

0,{(4,5), L, 1), 4, 1,((4,4), T, T)).
® Observation trace: A\ o = ({}, {#=}, {}, {}, {0o})-
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Subgoal Automata

A type of deterministic finite automaton that encodes the subgoals of an episodic

goal-oriented task as propositional logic formulas.

8

7 D * * C
6 -

5

4 * $ = *
3

2 =

1 A * * B
0

0123456738 91011

Traces

® Execution trace: A = (((4,6), L, 1), +
07 <(47 5)7 J‘? J_>7

0,{(3,6), L

otherwise
s —{ )
® /\ -0 * N\ e
/ = /\ o
]
otherwise
otherwise * Ao otherwise
1), =, 0,((4,6), L, 1),

1,((4,4), T, T)).
).

® Observation trace: A\ o = ({}, {=}, {}, {}, {0}
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Learning Subgoal Automata from Traces |

Traces

An execution trace A\ = (o, ag, 1, - - -, I'n, On) can be of three types:
goal if o€ = T (i.e., the latent state s, is a goal state).
dead-end if o] = T AoS = L (i.e, the latent state s, is a dead-end state).

incomplete if o = L (i.e., the latent state s, is not terminal).

8 Examples

7| D * * c Goal

: Sk # A= ({(h6). 4 1), 0. (3, o)L

A o = ” ,0,((4,6), L > ,0,((4,5), L, 1),1,1,((4,4), T, T)).

3 * Mo ={({} {*’} {} {} {o}).

2 * Dead-end

TA 8 eewee Lo Ty,
0123456738091011 * Mo = ({}{}):
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Learning Subgoal Automata from Traces Il
Learning Task

Input Output
® A set of states U 2 {up, ua, ur}. The automaton’s transition function s.t. it:
® A set of observables O. © accepts all goal traces Af ;
® A set of traces /\ﬁo U AEO U /\IL,O' @® rejects all dead-end traces /\EO; and
® A max. number of edges x between © neither accepts nor rejects incomplete
states. traces AIL,O'

® Subgoal automata are represented using Answer Set Programming (ASP).
® The automaton learning task is described as an ILASP task [Law et al., 2015].
® Example:

®/\10
ug——u = 6( up, vy, 1 ,T):-obs(#,T),not obs(o,T),step(T).
0 1=0(w , v, 1 ,T) (%,T) (0,T),step(T)

from to edge id condition

({}, {#},{},{}, {o}) = {obs(s,1). obs(0,4).}
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start
-

A=

¢ ®

N

G 0
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start H

{s, -0} {9}

4 N
. ® The formulas are interpreted as
=) A comparabl f label
NP parable sets of labels.
Q ® The accepting state is excluded: it already

has a fixed name.
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start H

{s, -} {2}
% N,

{==} (s}
%

@
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start H

{s, -0} {9}

4 N\
® Assume {&3} is lower than {s#, -=}. So
{=a} {s} we choose the edge labeled with the
\Q/ former first.
® The next available id is given to the

shaded state.
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start *>

{s, -} {2}
¢’ N

{=} {s} . :
N ® \We continue selecting the lowest edges
Q from the state with the lowest id.
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start *>

{s, -} {2}
¢’ N

{=} {s} . :
N ® \We continue selecting the lowest edges
Q from the state with the lowest id.
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Learning Subgoal Automata from Traces Il
Symmetry Breaking

® Encode rules that impose a unique BFS traversal.
® Example for COFFEEMAIL:

start *>

{* -3} {8}

OO

{8} {s} . :
® \We continue selecting the lowest edges

@ from the state with the lowest id.
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Reinforcement Learning Algorithms
HRL (Hierarchical RL) using the options framework [Sutton et al., 1999]

® There are two decision levels:

@ From a given automaton state, choose a subgoal to pursue.
Example: From ug, choose between s A =X and .

® Given a chosen subgoal, choose an action.
Example: Choose an action (up, down, left or right) to reach the

subgoal & A —X.

® The policy can be suboptimal.

Induction and Exploitation of Subgoal Automata for RL
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Interleaved Automaton Learning Algorithm |

The RL and automata learning processes are interleaved:

The initial automaton does not accept nor reject anything.

The automaton learner runs when a counterexample is found.
Example: the current state is a goal state and the current automaton state is not the
accepting state (up).

The number of states of the automaton is increased when the automaton learning task
becomes unsatisfiable.
= The minimal automaton is found for a particular value of k.
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *"
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *"

G: ({#},{o})
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Interleaved Automaton Learning Algorithm ||

Example — COFFEE (loops are omitted)

start *>

w

-
¢
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Interleaved Automaton Learning Algorithm ||

Example — COFFEE (loops are omitted)

start H’
!
a

*})
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Interleaved Automaton Learning Algorithm ||

Example — COFFEE (loops are omitted)
start *}Q

- x
L

A %
®
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Interleaved Automaton Learning Algorithm ||

Example — COFFEE (loops are omitted)
start *}Q

® x \
)
: ({s})
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *’

o *x /A -0

- N

Furelos-Blanco, Law, Jonsson, Broda & Russo Induction and Exploitation of Subgoal Automata for RL



Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *’

o */\—\o

: ({o})
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

UNSATISFIABLE,
U - {u07 ui, ua, UR}
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start HQ

*® x /\ e
oo

o

J

Furelos-Blanco, Law, Jonsson, Broda & Russo Induction and Exploitation of Subgoal Automata for RL



Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start HQ

*® x /\ e

ORO
o

D ({s}, {x})
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *}Q

*® x /\ e

N
(-()

o N =%
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *}Q

*® x /\ e

N
(-()

o N =%

G: ({s,0})
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Interleaved Automaton Learning Algorithm ||
Example — COFFEE (loops are omitted)

start *’

*
>
]
.

L3
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Experimental Results for HRL |

Setting
® Domains:
® OFFICEWORLD - Discrete state space - Tasks: COFFEE, COFFEEMAIL, VISITABCD.
® WATERWORLD - Continuous state space - Tasks: RGB, RG-B, RGBC.
® Algorithms:

® HRL: standard version giving a reward of +1 for achieving subgoals.
® HRLg: HRL but with penalties for reaching dead-ends and after each step.

® |LASP2 is used to learn the automata.

O, N WU O N ©
*
o
*

o &

01234567 38091011

The OFFICEWORLD environment [Toro lcarte et al., 2018] The WATERWORLD environment [Toro lcarte et al., 2018]
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Experimental Results for HRL Il

OFFICEWORLD
COFFEE COFFEEMAIL VisiTABCD
10 e L0 — L0{ = =
B Tos| =
206 20.6{ =
o o =
204 £04f =
= = 7
0.2 02 32
.07 . 0.0L% . . 0.0 - .
0 200 400 600 800 1000 0 500 1000 1500 2000 2500 0 2000 4000 6000 8000
Number of episodes Number of episodes Number of episodes
HRL —— HRLg ISA-HRL ISA-HRLg
WATERWORLD
RGB
M’“ R
))
0.0 0.0 0.0
010000 20000 30000 40000 50000 ~0 10000 20000 30000 40000 50000 “0 10000 20000 30000 40000 50000
Number of episodes Number of episodes Number of episodes
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Experimental Results for HRL Il

Automaton Learning Running Time

® By default: symmetry breaking enabled, acyclicity enforced, x = 1, and trace compression.

® More subgoals, more states = More running time, more examples and longer examples.

® The number of goal examples ~ the number of paths from the initial state to the
accepting state.

Time (s.) # Examples Example Length

All G D /
COFFEE 0.4 (0.0) 8.7 (04) 24(0.1) 3.0(01) 3.2(0.3) 2.8 (2.1)
COFFEEMAIL 18.9 (3.3) 29.0 (1.5) 3.9(0.3) 9.3(0.6) 15.8(1.0) 4.0 (2.6)
VISITABCD  163.2 (44.3) 549 (3.8) 1.6 (0.1) 152 (0.9) 38.1 (3.1) 5.5 (3.1)

Table 1: Automaton learning statistics for the OFFICEWORLD tasks using HRLg.

Induction and Exploitation of Subgoal Automata for RL
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Experimental Results for HRL IV

Impact of the Automaton Learning Parameters

® Relaxing the constraints (e.g., no symmetry breaking, allow cycles) increases the
automaton learning running time.

Acyclic Cyclic

No SB SB No SB SB

COFFEE 0.5 (0.0) 0.4 (0.0) 0.5 (0.0) 0.5 (0.0)
COFFEEMAIL ~ 277.4 (70.2)  18.9 (3.3)  4204.3 (1334.4)%  774.7 (434.4)
VISITABCD ~ 1070.0 (725.6) 163.2 (44.3)  3293.5 (1199.2)* 1961.7 (1123.8)

Table 2: Total automaton learning time when symmetry breaking is disabled (No SB) and enabled
(SB). * = timed out between 1 and 10 runs out of 20 runs.
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Conclusions

® Method that interleaves the learning and exploitation of an automaton whose edges
encode the subgoals of an episodic goal-oriented task.

® The automata are learnt using a state-of-the-art inductive logic programming system from

traces observed by the agent.

® The automaton structure is exploited with existing RL algorithms.

Induction and Exploitation of Subgoal Automata for RL
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Supplementary Slides |
Another RL Algorithm - QRM (Q-Learning for Reward Machines) [Toro Icarte et al., 2018]

® Requires “transforming” the subgoal automaton into an RM by start H
assuming we know the POMDP's reward function. (4 A -2,0) (=,0)
4 N
® Equivalent to learning a policy over ¥ x U:
® Each automaton state u; € U has its own Q-function. (52,0) (4, 0)
® These Q-functions are coupled through Q-learning updates: N
Q.(0F,a) = Qu(oF,a)+a (r(u7 u') + 7 max Q (atzﬂ, a) — Qu(oF, a)) .
- o (0,1)
® The policies choose actions in order to reach a goal state. |
[

Guarantees optimality in the tabular case.
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Supplementary Slides Il

Experimental Results for QRM

OFFICEWORLD
COFFEE COFFEEMAIL VisitABCD
1.0 ———
Zos
0.6
[~
o
204
0.2
0.0 " 0.0 = = 0.0 -
0 200 400 600 800 1000 0 500 1000 1500 2000 2500 0 2000 4000 6000 8000
Number of episodes Number of episodes Number of episodes
’ — QRM —— QRM,i; ——— QRMpax ISA-QRM ISA-QRM,in ISA-QRMax
WATERWORLD
RGB RGBC
1.0
Zos
=06
%
504 y
s} A
E W\
"0.2 ARAN
VNN
00 0 10000 20000 30000 40000 50000 00 0 10000 20000 30000 40000 50000 00 0 10000 20000 30000 40000 50000
Number of episodes Number of episodes Number of episodes
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