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Applications in several computer
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multi-objective model checking
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Bounds on the Safe Optimum

Reinforcement learning explores the state space
e (unknown) cost function p: S — R is refined and

e unknown cost values are instantiated by given lower bounds
yielding p;: S — R

Model checking performance From best safe strategy so far

on original MDP

| lower bound upper bound |

Multi-objective model checking yields even tighter bounds.
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o Completeness: Optimal safe strategy is computed

« No efficient representation for ‘maximally’ permissive strategy
« Utilizing bounds: Significant speedup for costly computation

« Extension to randomized schedulers (non-linear)
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Anca D. Dragan et al., Peter Trautman

Shared Control Protocol

Safety Performance : .
specification specification Blending function

> \
what is a realistic human model?

how is blending function obtained?

human strategy

b Rﬁbo.t Strategy blending L 4 Safety shield B 4  Robot
ehavior execution
¢ autonomous strategy
Autonomy
protocol

— how is the autonomy protocol designed?
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Human Model - Randomization
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Human Model - Randomization
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Human Model - Randomization
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Human Model - Randomization
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Human Model - Abstraction

Human

MDP Robot
M, RELEVA

THE UNIVERSITY OF TEXAS AT AUSTIN



Human Model - Abstraction
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Human Model - Abstraction

Abstract state space
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Human Model - Abstraction

Abstract state space
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robot parametric
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behavior M
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Abstract concrete Phigh if Pr(s, a, s') >y abstract strategy

needs to be compatible
with concrete state space
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Strategy Blending
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Strategy Blending

Blending
human function
strategy £.08 = [07 1]

Robot
behavior

Strategy

blendlng

o, € Sched™"

e confidence in human
e level of abstraction for
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* protocol
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without randomization
blending not well-defined
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Design of Autonomy Protocol

Compute autonomous strategy such that

e blended strategy deviates minimally from human strategy

minimal additive perturbation of human strategy

 safety and performance specs are satisfied

model checking

« if not feasible, obtain new blending function

minimal deviation from given blending function or safety shield
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Design of Autonomy Protocol

minimize  [[(6°Y | s € S,a € Act)||

such that
pS[ S )\
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Design of Autonomy Protocol

minimize  [[(6°Y | s € S,a € Act)||

such that
pS[ S )\
VseTl. ps=1
Vs € S. Z oo = Z ot =1
acAct acAct

Vs € S.Va € Act. o) = op(s)(a) + 5%
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Vs €S, ps= Z a;?ha ' Z P(Sva)(sl) " Ps
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non-linear programming
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Current/Future Work

 avoid non-linear program

e model repair

e convex form

e include permissiveness into autonomy
e start conducting real case studies

Thank you for your attention!
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