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Motivation

AI Planning

Given a symbolic action model,
finding plans can be done fast
per problem basis

Pros: Exploration
Cons: Generalization

Deep RL

Given samples froman RL
environment,

fita neural network that can
generalizein high-dimensional
state space

Pros: Generalization
Cons: Sample efficiency

Integrating PL/RL

Given many environments
shares high-level task
structure,

Annotate high-leveltask as Al
planning model.

Fit neural networks, one per
action operatorsinthe
planning task

Generalization + Sample Efficiency



RL tasks with variations

2 x 2 MiniGrid with a Locked Door RL State Space
« Image-likerepresentation of MiniGrid

RL Action Space

* Turnleft, right

* Move forward

» Interactwithobject

* Pickup, Dropanobject

RL Rewards
« +1 reachinggreen cell (goal location)

RL Tasks variations

location of Balls

location of doors, door open/closed states
location of green goal location

location of keys in a room

initial location of agent




Al Planning Task

2 X 2 MiniGrid with a Locked Door

Planning Task: move to a room with a goal location

Movement between rooms
» abstract awayexact locations
* blue balls are not relevant, ignore balls

Interaction with keys and doors
» pickup key to open locked doors
» doors can be open/closed/locked
» planningtask only lock/unlock doors

Objects
* Room, Key, Door

Predicate
* (at-agent ?room), (at ?key ?room)
* (carry ?key), (empty-hand)
* (locked ?door), (unlocked ?door)
 otherstatic predicates encoding
room connectivity, key and door related information



Al Planning Model as Annotation to RL Tasks

Action schema in PDDL (Planning Domain Definition Language)

2 x 2 MiniGrid with a Locked Door

(:action move-room
:parameters (?d - door ?rl - room ?r2 - room)
:precondition (and
(CONNECTED-ROOMS ?rl ?r2)
(at-agent ?rl)
(LINK ?d ?r1 ?r2)
(unlocked ?d)

)

:effect (and
(not (at-agent ?rl))
(at-agent ?r2)

)
)l
(:action pickup (:action drop
:parameters (?k - key ?r - room) :parameters (?k - key ?r - room)
:precondition (and :precondition (and
(at ?k ?r) (carry ?k)
E:;-:g?gzn;;) (at-agent ?r)
) pty )
:effect (and
;effect (and (at Ek ’r)
(hot (at ?k ?r)) N
(empty-hand)
(not (empty-hand)) K
(carry 2k) (not (carry ?k))
) )
) )
(:action lock (:action unlock
:parameters (?k - key ?d - door ?rl - room ?r2 - room) :parameters (?k - key ?d - deer ?rl - room ?r2 - room)
:precondition (and :precondition (and
(CONNECTED-ROOMS ?rl ?r2) (CONNECTED-ROOMS ?rl ?r2)
(at-agent ?ri) (at-agent ?rl)
(LINK ?d ?rl1 ?r2) (LINK ?d ?rl1 2r2)
(carry ?k) (carry 2k)
(unlocked ?d) (locked ?d)
(KEYMATCH ?k 2d) (KEYMATCH ?k ?d)
) )
:effect (and reffect (and
(locked ?d) (not (locked ?d))
(not (unlocked ?d)) (unlocked 2d)
) )



Mapping HRL Options and Planning Action

Grounded PDDL action HRL option from planning action

(:action move-room
:parameters (door-AB, room-B, room-A) . L V S
:precondition (and —> [nit =14s s) € pre(o s €
(CONNECTED-ROOMS room-B room-A) { | ( ) p ( PL) }
(LINK door-AB room-B room-A)
(at-agent room-B)
(unlokced door-AB)) , )
:effect (and » Term = {3 | L(S) S pOSt(OPL) Vs € S}
(not (at-agent room-B)
(at-agent room-A))

PL state:
{(at-agent room-A),
(unlocked door-AB),

(carry k1)}
o]

PL state:
let-egent rosim 2] Intrinsic reward penalizing side-effects

(unlocked door-AB),
(empty-hand),

(at k1 room-B)} >0 rsiate: >
PL action: move-room (door-AB, room-B, room-A) {(at—age-nt room-A)
L(s) maps from RL state ‘ Egnmlg$;ida:df;0r'AB),
to PL state L(s) ¥ 1nitiate . Terminate (at k1 room—B,)}
HRL Option HRL Option

Optiontransition
i 0—0—>0—0—> 000 @ >



Plan Option Learning Algorithm

Algorithm 1 Online Option Learning

Require: Planning task 11, Goal-oriented MDP M, State mapping [unction L
Ensure: Option policies wo«, (als).

1: Initialize trajectory buffer B

2: Initialize a set 1) for storing options

3: while iter < N do

4
5
6:
7
8

9:
10:
11:
12:
13:
14:

15:
16:

state

Rollout Option level 1 step rollout:

Select an option using planning state

// rollout samples from the current option policy
while iterwion < Niollow do
s <— current state

by solving planning task

State : :
mapping option, state, planning

Action level 1 step rollout:
Select an action from the policy of the

action

Select an option O, from a plan starting in L(s)
it 0%, ¢ D then
Create plan option Q"
Initialize wo+, and Add O, to D
while s ¢ Bo+, do
Sample (s, a, e, u) from RL environment
Compute intrinsic reward r;
Store (0%, s,a,1e,ri) to buffer B
sS4 u
// train option policies with model-free algorithms

extrinsic
reward

selected option

Intrinsic reward option, state, next

Store Samples to Buffer:
(option, state, action, extrinsic reward,
intrinsic reward, next state)

Intrinsic reward

for each option 0", ¢ D do
Train option policy function o+, with RL

Intrinsic Rewards

Learnin
ea 8 Learn option policy usingthe

Samples from buffer

Definition 7 (frame penalized option sub-MDP) Given a goal-oriented MDP A and an operator
option derived from a planning task ():=(Z). ;70,302 ). a frame penalized option sub-MDP is a
sub-MDP of M. M, ., = {S, A, P,T, 3, B0+, v . where we replace the reward function in M

with an intrinsic reward 7 := & x & — K,
7(s,8") —Zf.‘[ -H(L(.‘x‘f}[!}] # Fo [e]} +ep-I(s" ¢ .:')’U;),

veV(Foe ()

(1)

where I is an indicator function, ¢; and ¢o are negative rewards, and the initial state and the goal with

asy € Iq;. and -, respectively.

» Penalty per violation of “frame constraints” at symbolic planning level
» Cost per not reaching the termination set of an option



Experiments

Algorithms Multi-task evaluation
*  HRL with Al planningand PPO: Hplan PPO * Trainingset: 10° RL tasks
« HRL with reward machines: HRM (Icarte et al 2022) » Testset: Unseen 10° RL tasks
 FlatRL * Reporttest set performance
« DDON, PPO (evaluate unseen tasks)

« Rainbow, PPOwith curiosity

Test Environments More
. difficult
Door Key 2 x2 Locked 2x2 Two Keys 2x2 One Disposable Key 2x2 Two Disposable Keys

* Oneoftaskin

mminisrid + Side-effects « Planlen 11 » Deadend » Dead end with Keys
. ,%y i ‘%f introduced introduced * Planlen?7
gislescilects + Distracting balls « Planlen4

* Planlen 4~5



Door Key 2 x2 Locked 2x2 Two Keys 2x2 One disposable Key

[

(pickup k-yellow-0 r-0-0) (move-room d-yellow-0-1-0-0 r-0-1 r-0-0) (move-room d-yellow-0-0-1-0 r-0-0 r-1-0) (pickup k-yellow-0 r-0-0)
(unlock k-yellow-0 d-yellow-0-0-1-0 r-6-0 r-1-0) (move-room d-yellow-0-0-1-0 r-0-0 r-1-0) (pickup k-purple-0 r-1-0) (unlock k-yellow-0@ d-yellow-0-0-1-0 r-0-0 r-1-0)
(move-room d-yellow-0-0-1-8 r-0-0 r-1-0) (pickup k-yellow-0 r-1-0) (move-room d-yellow-8-0-1-0 r-1-0 r-0-0) (move-room d-yellow-0-0-1-0 r-0-0 r-1-8)
(unlock k-yellow-0 d-yellow-1-8-1-1 r-1-0 r-1-1) (unlock k-purple-0 d-purple-8-8-8-1 r-0-0 r-8-1) (move-room d-yellow-1-8-1-1 r-1-0 r-1-1)
(drop k-purple-0 r-0-0)
(move-room d-yellow-1-0-1-1 r-1-0 r-1-1) (move-room d-purple-8-8-0-1 r-8-0 r-8-1)
(pickup k-yellow-1 r-0-1)
(move-room d-purple-0-8-0-1 r-8-1 r-0-0)
(move-room d-yellow-0-8-1-0 r-8-0 r-1-0)
(unlock k-yellow-1 d-yellow-1-8-1-1 r-1-0 r-1-1)
(move-room d-yellow-1-8-1-1 r-1-0 r-1-1)
Average Reward (95% C.I) Average Reward (95% C.I) Average Reward (95% C.I) Average Reward (95% C.I)
o 10 ¢ HplanPPO 104 10 ¢ Frame and Termination
1 B00 %0 890 W00 % 400 W 800 HRM . Frame
+ ¢ PPO F *++*?*v¥;i#¥+ + Termination
05 1 °®1 4 DDQN e “’””quh’**"“’" 05 81 ¢ nolR
\ } 4+ HplanPPO ,ouﬁ“H e
T os | HRM Tos +++ B s B o6 |
g 4 PPO H ++ H H
04 ¢ DDON o4 + 0s 04
+ 4 Frame and Termination
44 Frame s d
Wl 02 027 ¢ Termination ++* ' §
el ) PR —— - e UL LTI PEE SETETRI T TETIONE1ETY:
o 1 2 steps 3 4 ]EES steps 17 o 1 2 stezps a 5 ]E: stops e
o ° i i ~ 6 o o
* Flat RL starts to fail Hierarchical reward * ~2.5x10°steps needed * HRL with PPOrequires
« Rainbow in RLLIB: 0.31 machine (Icarte e'F al. to learn gll necessary options more than 6x 106
2022) starts to fail * Penalty (intrinsic reward) samples
* Rainbow in RLLIB: 0.09 plays important role



Problem Specific Models

Door Key (define (problem MazeRooms-8by8-DoorKey) 2 X2 LOCked (define E}_};obfle_em ﬁe:oom)—%yz—LockedSmall)
(:domain MazeRooms) ‘domain enooms
Ca (:objects
(:objects R-0-0 R-0-1 R-1-0 R-1-1 - room
[:] R-0-0 R-1-0 - room K-yellow-0 - key
g-HEEOW-g (—J leé 4 D-yellow-0-0-1-0 D-yellow-1-0-1-1 D-yellow-0-0-0-1 - door
-ye owW-U-u-1- - 00T )
) (:init
(:init (CONNECTED-ROOMS R-0-0 R-0-1)
(LINK D-yellow-0-0-1-0 R-0-0 R-1-0) (CONNECTED-ROOMS R-0-0 R-1-0)
(LINK D-yellow-0-0-1-0 R-1-0 R-0-0) (CONNECTED-ROOMS R-0-1 R-0-0)
(KEYMATCH K-yellow-0 D-yellow-0-0-1-0) (CONNECTED-ROOMS R-1-0 R-0-0)
(at-agent R-0-0) (CONNECTED-ROOMS R-1-0 R-1-1)
(at K-yellow-0 R-0-0) (CONNECTED-ROOMS R-1-1 R-1-0)
Qi byenoc0-0.01 3-0-080-0
(empty-hand) (LINK D-yellow-0-0-1-0 R-0-0 R-1-0)
) (LINK D-yellow-0-0-1-0 R-1-0 R-0-0)
(:goal (and (LINK D-yellow-1-0-1-1 R-1-0 R-1-1)
(at-agent R-1-0)) (LINK D-yellow-1-0-1-1 R-1-1 R-1-0)
) (KEYMATCH K-yellow-0 D-yellow-0-0-0-1)
)] (KEYMATCH K-yellow-0 D-yellow-0-0-1-0)
(KEYMATCH K-yellow-0 D-yellow-1-0-1-1)

(at-agent R-0-0)
(at K-yellow-0 R-1-0)
(locked D-yellow-1-0-1-1)
(unlocked D-yellow-0-0-0-1)
(unlocked D-yellow-0-0-1-0)
(empty-hand)
(:goal
(and
(at-agent R-1-1)
3
)]

FSM for Reward machines or similar
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