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Major Goals: The objective of this project is to develop decision-making algorithms for autonomous

and intelligent systems that jointly learn and react in environments with stochastic as well as adversarial
uncertainties. The algorithms will be not only efficient in learning in terms of their use of samples, time, and space
(i.e., in the traditional probably approximate correctness “PAC” sense) but also provably correct (by synthesis) with
respect to rich temporal logic mission specifications.

The effort investigates a collection of questions including the following: What is an appropriate adaptation of the
probably approximate correctness notions in the presence of temporal logic constraints on the evolution of the
underlying systems? How can such adaptation be extended to environments with both stochastic uncertainties and
adversarial opponents as well as applications in which safety is critical while approximately optimal performance is
acceptable? How can we cope with the possibly high computational cost in protocol synthesis for joint control and
learning? How can we interpret the traditional exploration vs. exploitation trade-offs under temporal logic
specifications? How can we develop protocols that not only execute correctly in their nominal domains but also
whose performance and correctness are invariant to or degrade gracefully under domain variations? How can we
incorporate performance criteria that account for the effects of lack of knowledge about environment and/or
opponents in decision-making?

Accomplishments: We now summarize the results of the main studies enabled by this project.
Safety-Constrained Reinforcement Learning for MDPs

We considered controller synthesis for stochastic and partially unknown environments in which safety is essential.
Specifically, we abstracted the problem as a Markov decision process in which the expected performance is
measured using a cost function that is unknown prior to run-time exploration of the state space. Standard learning
approaches synthesize cost-optimal strategies without guaranteeing safety properties. To remedy this, we first
computed safe, permissive strategies. Then, exploration is constrained to these strategies and thereby meets the
imposed safety requirements. Exploiting an iterative learning procedure, the resulting policy is safety-constrained
and optimal. We showed correctness and completeness of the method and investigated the use of several
heuristics to increase its scalability.

Correct-by-synthesis reinforcement learning with temporal logic constraints

We considered a problem on the synthesis of reactive controllers that optimize some a priori unknown performance
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criterion while interacting with an uncontrolled environment such that the system satisfies a given temporal logic
specification. We decoupled the problem into two subproblems. First, we extracted a (maximally) permissive
strategy for the system, which encodes multiple (possibly all) ways in which the system can react to the adversarial
environment and satisfy the specifications. Then, we quantified the a priori unknown performance criterion as a (still
unknown) reward function and compute an optimal strategy for the system within the operating envelope allowed
by the permissive strategy by using the so-called maximin-Q learning algorithm. We established both correctness
(with respect to the temporal logic specifications) and optimality (with respect to the a priori unknown performance
criterion) of this two-step technique for a fragment of temporal logic specifications. For specifications beyond this
fragment, correctness can still be preserved, but the learned strategy may be sub-optimal. We presented an
algorithm to the overall problem, and demonstrated its use and computational requirements on a set of robot
motion planning examples.

Probably Approximately Correct Learning in Stochastic Games with Temporal Logic Specifications

We considered a controller synthesis problem in turn- based stochastic games with both a qualitative linear
temporal logic (LTL) constraint and a quantitative discounted-sum objective. For each case in which the LTL
specification is realizable and can be equivalently transformed into a deterministic Buchi automaton, we showed
that there always exists a memoryless almost-sure winning strategy that is "-optimal with respect to the discounted-
sum objective for any arbitrary positive ". Building on the idea of the R-MAX algorithm, we propose a probably
approximately correct (PAC) learning algorithm that can learn such a strategy efficiently in an online manner with a-
priori unknown reward functions and unknown transition distributions. To the best of our knowledge, this is the first
result on PAC learning in stochastic games with independent quantitative and qualitative objectives.

Environment-Independent Task Specifications via GLTL

We proposed a new task-specification language for Markov decision processes that is designed to be an
improvement over reward functions by be- ing environment independent. The language is a variant of Linear
Temporal Logic (LTL) that is extended to probabilistic specifications in a way that permits approximations to be
learned in finite time. We provided several small environments that demonstrate the advantages of our geometric
LTL (GLTL) language and illustrate how it can be used to specify standard reinforcement-learning tasks
straightforwardly.

Safe Reinforcement Learning via Shielding

Reinforcement learning algorithms discover policies that maximize reward, but do not necessarily guarantee safety
during learning or execution phases. We introduced a new approach to learn optimal policies while enforcing
properties expressed in temporal logic. To this end, given the temporal logic specification that is to be obeyed by
the learning system, we proposed to synthesize a reactive system called a shield. The shield monitors the actions
from the learner and corrects them only if the chosen action causes a violation of the specification. We investigated
which requirements a shield must meet to preserve the convergence guarantees of the learner. Finally, we
demonstrated the versatility of our approach on several challenging reinforcement learning scenarios.

Training Opportunities: The project has enabled the training of the following researchers.

Min Wen (Ph.D. student)

Nils Jansen (postdoctoral scholar)

Jie Fu (postdoctoral scholar

Mohammed AlShiekh (research scientist)

Results Dissemination: The results have been disseminated through conference (e.g., AAAIL, IJCAI, TACAS,
IROS) and journal (e.g., IEEE TAC), research seminars and modules in the graduate course taught by the PI.
Honors and Awards: The results of the project contributed in the preliminary results that gave rise to the PI's NSF
CAREER award.

Protocol Activity Status:

Technology Transfer: Nothing to Report
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Major goals

The objective of this project is to develop decision-making algorithms for autonomous
and intelligent systems that jointly learn and react in environments with stochastic as
well as adversarial uncertainties. The algorithms will be not only efficient in learning in
terms of their use of samples, time, and space (i.e., in the traditional probably
approximate correctness “PAC” sense) but also provably correct (by synthesis) with
respect to rich temporal logic mission specifications.

The effort investigates a collection of questions including the following: What is an
appropriate adaptation of the probably approximate correctness notions in the presence
of temporal logic constraints on the evolution of the underlying systems? How can such
adaptation be extended to environments with both stochastic uncertainties and
adversarial opponents as well as applications in which safety is critical while
approximately optimal performance is acceptable? How can we cope with the possibly
high computational cost in protocol synthesis for joint control and learning? How can we
interpret the traditional exploration vs. exploitation trade-offs under temporal logic
specifications? How can we develop protocols that not only execute correctly in their
nominal domains but also whose performance and correctness are invariant to or
degrade gracefully under domain variations? How can we incorporate performance
criteria that account for the effects of lack of knowledge about environment and/or
opponents in decision-making?

Accomplishments
We now summarize the results of the main studies enabled by this project.
Safety-Constrained Reinforcement Learning for MDPs

We considered controller synthesis for stochastic and partially unknown environments in
which safety is essential. Specifically, we abstracted the problem as a Markov decision
process in which the expected performance is measured using a cost function that is
unknown prior to run-time exploration of the state space. Standard learning approaches
synthesize cost-optimal strategies without guaranteeing safety properties. To remedy
this, we first computed safe, permissive strategies. Then, exploration is constrained to
these strategies and thereby meets the imposed safety requirements. Exploiting an
iterative learning procedure, the resulting policy is safety-constrained and optimal. We
showed correctness and completeness of the method and investigated the use of
several heuristics to increase its scalability.

Correct-by-synthesis reinforcement learning with temporal logic constraints

We considered a problem on the synthesis of reactive controllers that optimize some a
priori unknown performance criterion while interacting with an uncontrolled environment



such that the system satisfies a given temporal logic specification. We decoupled the
problem into two subproblems. First, we extracted a (maximally) permissive strategy for
the system, which encodes multiple (possibly all) ways in which the system can react to
the adversarial environment and satisfy the specifications. Then, we quantified the a
priori unknown performance criterion as a (still unknown) reward function and compute
an optimal strategy for the system within the operating envelope allowed by the
permissive strategy by using the so-called maximin-Q learning algorithm. We
established both correctness (with respect to the temporal logic specifications) and
optimality (with respect to the a priori unknown performance criterion) of this two-step
technique for a fragment of temporal logic specifications. For specifications beyond this
fragment, correctness can still be preserved, but the learned strategy may be sub-
optimal. We presented an algorithm to the overall problem, and demonstrated its use
and computational requirements on a set of robot motion planning examples.

Probably Approximately Correct Learning in Stochastic Games with Temporal Logic
Specifications

We considered a controller synthesis problem in turn- based stochastic games with both
a qualitative linear temporal logic (LTL) constraint and a quantitative discounted-sum
objective. For each case in which the LTL specification is realizable and can be
equivalently transformed into a deterministic Buchi automaton, we showed that there
always exists a memoryless almost-sure winning strategy that is "-optimal with respect
to the discounted-sum objective for any arbitrary positive ". Building on the idea of the
R-MAX algorithm, we propose a probably approximately correct (PAC) learning
algorithm that can learn such a strategy efficiently in an online manner with a-priori
unknown reward functions and unknown transition distributions. To the best of our
knowledge, this is the first result on PAC learning in stochastic games with independent
quantitative and qualitative objectives.

Environment-Independent Task Specifications via GLTL

We proposed a new task-specification language for Markov decision processes that is
designed to be an improvement over reward functions by be- ing environment
independent. The language is a variant of Linear Temporal Logic (LTL) that is extended
to probabilistic specifications in a way that permits approximations to be learned in finite
time. We provided several small environments that demonstrate the advantages of our
geometric LTL (GLTL) language and illustrate how it can be used to specify standard
reinforcement-learning tasks straightforwardly.

Safe Reinforcement Learning via Shielding

Reinforcement learning algorithms discover policies that maximize reward, but do not
necessarily guarantee safety during learning or execution phases. We introduced a new
approach to learn optimal policies while enforcing properties expressed in temporal
logic. To this end, given the temporal logic specification that is to be obeyed by the
learning system, we proposed to synthesize a reactive system called a shield. The



shield monitors the actions from the learner and corrects them only if the chosen action
causes a violation of the specification. We investigated which requirements a shield
must meet to preserve the convergence guarantees of the learner. Finally, we
demonstrated the versatility of our approach on several challenging reinforcement
learning scenarios.

Training Opportunities

The project has enabled the training of the following researchers.

* Min Wen (Ph.D. student)

* Nils Jansen (postdoctoral scholar)

* Jie Fu (postdoctoral scholar

* Mohammed AlShiekh (research scientist)

Results Dissemination

The results have been disseminated through conference (e.g., AAAI, IJCAI, TACAS,
IROS) and journal (e.g., IEEE TAC), research seminars and modules in the graduate
course taught by the PI.

Honors

The results of the project contributed in the preliminary results that gave rise to the PI’s
NSF CAREER award.





