One Subgoal at a Time: Zero-Shot Generalization to Arbitrary Linear

Temporal Logic Requirements in Multi-Task Reinforcement Learning

Zijian Guo', Tlker Istk?, H. M. Sabbir Ahmad', Wenchao Li'*

'Division of Systems Engineering, Boston University
“Department of Electrical and Computer Engineering, Boston University

{zjguo, iilker, sabbir92, wenchao } @bu.edu

Boston University DEPEND Lab BOSTOIN
UNIVERSITY



Reinforcement Learning

action

Environment

state, reward/cost

Boston University DEPEND Lab BOSTON
UNIVERSITY



Reinforcement Learning

How to follow diverse, complex, and even unseen instructions/tasks?

- long-horizon goals, logical dependencies, safety constraints
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Background: Linear Temporal Logic

- Formal language to specify system’s behaviors
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Background: Linear Temporal Logic

- Formal language to specify system’s behaviors
- Syntax of LTL

p=a|o|o1Npa |1V |[FolGel|piU e

= Atomic propositions: AP,a € AP
= Boolean (4, A, V) and temporal (F, G, U) operators.
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Background: Linear Temporal Logic

- Formal language to specify system’s behaviors
- Syntax of LTL
pi=a|l =gl Aga [tV [FolGelellp

= Atomic propositions: AP,a € AP
= Boolean (4, A, V) and temporal (F, G, U) operators.

= Tasks can be expressed over high-level environment features
¢ = (—yellow U (green V blue)) A G(green = F magenta)
(avoid yellow until reaching green or blue; whenever green is visited,

magenta must eventually follow.)
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Background: Linear Temporal Logic

- Biichi automata (BA): for any LTL formula, it can be converted to an equivalent

BA, which can be represented as directed state-transition graphs.

¢ = (—yellow U (green V blue)) A G(green = F magenta) = start — —yellow

green blue V (green A magenta)

green

magenta
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Background: Linear Temporal Logic

- Biichi automata (BA): for any LTL formula, it can be converted to an equivalent

BA, which can be represented as directed state-transition graphs.

¢ = (—yellow U (green V blue)) A G(green = F magenta) = start — —yellow

green blue V (green A magenta)

green

magenta

= Reach-Avoid Subgoal Construction: depth-first search (DFS) to enumerate all

possible paths and extract reach-avoid subgoals (o™, A7)

p1 = {(at = {green}, A~ = {yellow}), (o™ = {magenta}, A~ =0)}
p2 = {(a™ = {blue}, A~ = {yellow})}
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Challenges of Generalization

- Satistying an LTL formula = completing a sequence of reach-avoid subgoals
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Challenges of Generalization

- Satistying an LTL formula = completing a sequence of reach-avoid subgoals

- Existing methods:
= Structure of the automaton/entire subgoal sequence
= Policy conditioned on those representations

= Limitation: Out-of-distribution (OOD) issue of new LTL formulas at test time
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Challenges of Generalization

- Satistying an LTL formula = completing a sequence of reach-avoid subgoals

- Existing methods:
= Structure of the automaton/entire subgoal sequence
= Policy conditioned on those representations

= Limitation: Out-of-distribution (OOD) issue of new LTL formulas at test time

- In contrast, we address this problem by solving one subgoal at a time
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GenZ-LTL: Training

a
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= Subgoal sampling: all possible subgoals ¢ = {(a™, A7);}¥,
_|_

= Enumerate each assignhment a € 247 35 a candidate o
= For each such a™, we filter out the remaining assignments that conflict with it. We

then enumerate all possible combinations of the filtered assignments to form A~
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GenZ-LTL: Training

= Subgoal-Induced observation reduction

2AP

= Note that a € , so the total number of subgoal grows exponentially

= Idea: focus only on subgoal-relevant observations to reduce sample complexity

S-AP
. S
Environment Subgoal-induced observation reduction
SAP all SAP = (dgreem dred7 dblue, dyeHOW7 dmagenta7 e )7 d E Rk Yy
& e . . . — g
(proposition-wise LiDAR distances) Sreach = dgreen S
— min(di. d Agent
+ A- Savoid = mln( blue; yellow)
Sllbgoal a = (Oé ’ ) i ot = {ngCD} A” = {{blue}, {yeHOW}} 6 = (S—|AP: Sreach; Savoid)
S ampler (reach green) (avoid blue or yellow)
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GenZ-LTL: Training

= Policy learning with reachability constraints

- s
Tk+4+1 — arglinax anUnif(g),swd%,ank [W—kAZf"“ (s7, a)}

s.t. anUnifZ;),sNdﬂk Drrp(m,m)] < e
E o Unif(¢),s~d™ army [(1 — V) JIn(m) + £ ARk (87, a)} <0
where h : S — R is the constraint violation function
AR (57, a) = QF (7, a) — V{7 (s”)

Q7 (s7,a) := maxieny h(s]),s0 = s%,a0 = a,a; ~ 7

Jp(m) == maxseny h(-),a ~ 7
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GenZ-LTL: Testing

= Given a target LTL specification, we construct the corresponding BA and identity

candidate subgoals based on the current automaton state. The subgoal to be executed is

selected as 0* = argmax, V,(s7) — A(s7)Vj(s7)

LTL formula ¥ [ Environment ]< .
y
S
Biichi Automata - | 4 Agent k
' [ Subgoal-induced | Y (s7) ‘
| Subgoal-induce RN (N7 oA .
Extract subgoal {Oi}izl, observation Lil, | ergsazi = m(a]s” ) )
didat - OISR
candidates _ reduction \_| J
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Experimental Settings

= Environments
= LetterWorld: 7X7 grid world
= ZoneEnv: high-dimensional env with lidar observations

= Randomized environments

- E hlt
i | h k|d|e|]j
g g
i | a I
J d| b
c k| flc|b
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Experimental Settings

= LTL specifications

LetterWorld ZoneEnv
¢1 F(@aA(-bUc))AFd @9 (Fb)A(-bU (gAFy))
p2 (Fd)A(=fU(dAFD)) ¢ ~(mVy) U (bAFg)
3 ma U (bA(=cU (dA(=eUf)) i —g U ((bvm)A(-gUy))
.. ) ¢4 (aVbVevd=F (eAF(fAFg))) U (hAFi) ¢12 (BVb=(-yUm)) Uy
Finite-horizon
¢s F(dA(=(avb)U(bA(-eUc)))AF (n(fvgVvh)Ua) ¢i3 F(gA(=(bVy)U(yA(-mUb))))AF (-gUy)
wo F((kA((-bVec)Uf))A(—~(aveVvh)Ug))AFd e F((bVg)A(=yU(bA(=(gvVm)Um))))AF (yA(-bUg))
@1 2(jvbVvd) U (aA(-cU(fAF(gA(=dUe))))) ¢15 2(mVy) U (bA(-g U (yAF(gA(=bUm)))))
ps (fvg) U (aA(-bUc)AF (dA(meUf))) ¢i6 F(bA(-yU (gAF(yA(=(mVg)Ub)))))
Y, GF(eA(—a U f))AG—(cVvd) Yy GFbAGFgAG-(yVm)
Infinite-horizon ), GFaAGFbAGFcAG—(eVfVi) s GFbAGFyAGFgAG-m
Y3 GFcAGFaAGF(eA(~f U g)) AGFKkAG—(iV])) Y6 FGyAG-(gVbVvm)

= All LTL specifications are unseen at test time for our method
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Main Results

= GenZ-LTL achieves higher success and lower violation rates, while learning
more efficient policies

LTL2Action GCRL-LTL DeepLTL RAD-embeddings GenZ-LTL(ours)
st md pd T M pd ns T M 4 nl s T o 4 pd ns T M 4 pd
8 11 0.624016 0.071009 26.644587 0.8710.11 0.035005 16.054613 0871004 0.0010.01  75li121 0901006 0.044000 17794337 |0.98+0.02 0.0010.00 7-22+1.18
E w5-8 0.244012 0.204025 36431608 0.651008 0.1140006 18.71li951 0.761005 0.01i002 10.621147  0.82450100 0.071008 24.294377 10.9540.03 0.0010.00 9.8241.42
© 912 0.571037 0.171021 33121116588 0.8810.01 0.05.40.02 305.28112333 0.914005 0.041003 220.39178.77 0.901005 0.044005 269.5311209500.99+0.01 0.0110.01 2516915918
3
N

©13-16 0124018 0.17 1098 886.391988.60 0.7010.07 0.0940.01 606.4219676 0.871008 0.031006 50517451003 0.7040.15 0.0040.01 647.3944074)0.98+0.02 0.014001 408.71497.47

Finite-horizon tasks

. LetterWorld ZoneEnv
Methods Metrics
1 [ 3 Y s e
208.95 102.12 55.17 55.16 32.75 8135.67
GenZ T ous) Hace T +14.39 +7.02 +1.08 +4.23 +1.20 +1489.99
Mo | 0.00-+0.00 0.0040.00 0.0040.00  0.0740.02  0.0340.01 0.0310.02
Hacc T 142.56£92 44 48.28112.37 19214457  30.0311323  15.7344.44 7337.38+2019.56
DeepLTL . . :
T + 0.049.02 0.0940.01 0.0940.04 0.3910.10 0.3810.24 0.1340.05
41. 22 9.5¢ 30. 14.6141 6 5584.34 5
GCRL-LTL Hace T 98.+15.80 ‘7719.50 9 ?312.28 30‘0013‘72 611162 5584.344.3180.1
oS 0.1840.08 0.3010.08 0.3010.18 0.3710.08 0.40-0.08 0.1440.01

Infinite-horizon tasks
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Please scan the following QR codes for more details




