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ABSTRACT

This paper presents a novel dynamic post-shielding framework
that enforces the full class of 𝜔-regular correctness properties over
learned probabilistic policies. This constitutes a paradigm shift
from the predominant setting of safety-shielding – i.e., ensuring
that nothing bad ever happens – to a shielding process that addition-
ally enforces liveness – i.e., ensures that something good eventually
happens. At the core, our method uses Strategy-Template-based

Adaptive Runtime Shields (STARs), which leverage permissive strat-
egy templates to enable post-shielding with minimal interference.
As its main feature, STARs introduce a mechanism to dynamically

control interference, allowing a tunable enforcement parameter to
balance formal obligations and task-specific behavior at runtime.
This allows triggering more aggressive enforcement when needed
while allowing for optimized policy choices otherwise. In addition,
STARs support runtime adaptation to changing specifications or
actuator failures, making them especially suited for cyber-physical
applications. We evaluate STARs on various benchmarks to show-
case their scalability, adaptability, and performance.
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1 INTRODUCTION

Motivation. Adhering to formal correctness while simultaneously
optimizing performance is a core challenge in the design of au-
tonomous cyber-physical systems (CPS) [15, 37]. While machine
learning techniques – especially reinforcement learning – are highly
effective at generating policies optimizing quantitative rewards,
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they often struggle to enforce qualitative correctness criteria such
as safety or liveness. In contrast, formal methods excel at spec-
ifying and verifying such qualitative properties, typically using
temporal logic or automata. Integrating these strengths has been
a growing focus in safe and explainable autonomy and has led
to a rich body of work integrating logical specifications into pol-
icy synthesis via multi-objective formulations [12, 13, 23, 36], or
into policy reinforcement learning through automata-based reward
shaping [10, 19, 20, 25, 28, 42]. While these approaches can yield
policies that satisfy complex goals while adhering to formal speci-
fications, they incorporate the specification into the synthesis or
learning procedures – requiring re-training when formal objectives,
environment conditions, or reward structures change.
Shielding. A promising alternative to retraining is shielding1 –
a lightweight, runtime approach that monitors and, if necessary,
overrides the actions proposed by a policy to maintain compliance
with a formal specification. Shields treat existing policies as a black
box and ensure correctness in a minimally interfering manner i.e.,
they intervene if and only if the systems executions will (surely)
violate the specification (in the future). The concept of shielding
traces back to the foundational works on runtime monitoring of
program executions in computer science [21, 29], and formal su-
pervision of feedback control software in engineering [34]. More
recently, several shielding frameworks tailored for learned policies
in autonomous CPS have been introduced (see surveys by Hsu et al.
[22], Könighofer et al. [26], Odriozola-Olalde et al. [30], Waber-
sich et al. [41]). Crucially, because shielding operates at runtime,
it allows goals, safety regions, or constraints to be updated online,
replacing retraining with a re-computation of the shield which
often requires significantly less computational resources.
Challenges. The primary challenge in shielding is to ensure cor-
rectness and minimal interference – with only black-box runtime
access to the (learned) nominal policy. Prior frameworks have
primarily focused on safety, where synthesizing maximally per-
missive shields (which are ‘inherently’ minimally interfering) is
tractable [2, 27, 35]. In contrast to safety, shielding for liveness
is challenging because such specifications (i) do not easily allow
for permissive strategies, and (ii) only manifest themselves in the
infinite limit, hardening their enforcement at runtime given only a

1While there are pre-shielding frameworks that apply shielding during training, we
focus solely on post-shielding at runtime.
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finite prefix. However, the need for shields which enforce the full
class of 𝜔-regular specifications naturally arises in CPS applications.
A natural example are warehouse robots which should not drop a
parcel (safety) but should also deliver it eventually (liveness) [17].
Contribution. To close this gap, this paper presents a dynamic

shielding framework – Strategy Templates based Adaptive Runtime

Shields (STARs) – which enforces the full class of 𝜔-regular spec-
ifications over learned probabilistic policies. In addition to being
correct and minimal interfering, our shields are equipped with an
enforcement parameter 𝛾 . This enables runtime adjustment of spec-
ification enforcement across contexts: increase 𝛾 when liveness
is urgent (e.g., reaching a safe zone after an alarm), and keep 𝛾

low otherwise to leverage mission-specific performance objectives
optimized during policy learning.
Key Idea. The core idea behind the STARs framework is to uti-
lize strategy templates recently introduced by Anand et al. [5] as
their main building block. Strategy templates offer an alternative
representation of strategies in two-player parity games (resulting
from an 𝜔-regular specification) that condense an infinite num-
ber of winning strategies into a simple and efficiently computable
data structure. This makes them (i) truly permissive, enabling mini-
mal inference shielding, and (ii) localizes required future progress
(over a known transition graph2), enabling a purely history-induced
evaluation of liveness properties. Thereby, strategy templates con-
stitute the “missing piece” that makes liveness shielding tractable.
In addition, strategy templates are inherently robust and compos-
able, allowing STARs to handle dynamic runtime changes, such as
unavailable actions or shifting goals.

1.1 Applications

FactoryBot is a novel benchmark, which simulates multiple
gridworld environments in OpenAI Gym [8] such as frozen lake, taxi
or cliff walking, typically used to evaluate RL policies and represents
a simplified version of the snake example used to evaluate a dynamic
safety shield [27]. Furthermore, adaptability in such environments,
e.g., dynamic goal changes in Frozen Lake, are also subsumed by the
more general capabilities of our FactoryBot setup. In FactoryBot,
the nominal agent policy optimizes a reward function and STARs
are used to guide the agent towards satisfying (generalized) Büchi
objectives3 which might change at runtime.

Overcooked-AI [11] is a widely used benchmark for collabora-
tive reinforcement learning with multiple actors. Here, autonomous
agents are trained to repeatedly perform cooking tasks. We use LTL
specifications to encode additional recipe requirements of produced
dishes. STARs are used to enforce the (additional) production of
soups satisfying these requirements infinitely often.

LunarLander [9] is a standard benchmark in reinforcement
learning. The simulated lunar lander can be controlled by using
its directional thrusters to navigate the environment. The classical
objective is to train the lander to land on a designated helipad
without crashing. To demonstrate the utility of STARs, we slightly
modified this benchmark to spawn the helipad at a random position

2We only need access to the graph structure, not to transition probabilities, rewards or
computed policies.
3The choice of simple objectives is for illustration only. Our algorithm can handle the
full class of 𝜔-regular objectives.

at runtime and trained a baseline policy that just ensures that the
lander lands safely — though not necessarily on the helipad. We
then apply STARs to enforce landing safely on the pad at runtime.

Liveness Shielding. Both FactoryBot and Overcooked-AI are
based on a known finite MDP. We can therefore synthesize formal
shields over a game graph derived from this MDP which guarantee
that the agent always fulfills the shielded objective (i.e. visiting
the green region or producing particular soups always again) with
a frequency determined by the enforcement parameter 𝛾 . On the
other hand, LunarLander is based on an eight-dimensional hidden
continuous MDP, which prevents us from computing a provably
correct shield. Instead, we construct a very simple 2-dimensional
grid-abstraction of the landers x/y position that naively assumes
that each control action makes the lander move one grid cell down,
right, left, or up, respectively. Even though the actual dynamics
of the lander are very complex, leading to quite different abstract
behavior, this simple graph allows us to compute a shield which
ensures that the lander lands fast and safe on the helipad in 87% of
200 instances we simulated with the right choice of 𝛾 . This demon-
strates that STARs enable the blending of quantitative objectives
optimized in RL and qualitative liveness objectives at runtime, with
promising future applications of STARs for deep RL shielding.

1.2 Related Work

(Post-) shielding approaches have so far focused mainly on safety

shielding, where our work is the closest related to the works of Al-
shiekh et al. [2], Könighofer et al. [27], Reed et al. [35]. Similar
ideas are also used for policy repair w.r.t. safety violations by Pathak
et al. [32], Tappler et al. [38], van Waveren et al. [39], Zhou et al.
[44] or via (partial) re-synthesis by Pacheck and Kress-Gazit [31],
Vasilopoulos et al. [40]. In contrast, STARs directly inherit robust-
ness and adaptability properties of strategy templates that typically
circumvent the need for strategy repair and achieve necessary
strategy adaptations directly via shielding. For general 𝜔-regular
specifications, our work is closely related to the runtime optimiza-
tion [6] which propose a similar blending of a nominal policy with
an additional liveness objective, however, via a very different shield
synthesis technique. In contrast to our work, the shield synthe-
sized in [6] uses a fixed enforcement parameter, does not exploit
probabilistic policies, and allows no dynamic adaptation in the
specification or in the graph.

This work also relates to synthesizingmean-payoff policies under
𝜔-regular constraints [1, 43], and to pre-shielding frameworks [10,
19, 25, 28, 30, 42]. Achieving similar optimality in post-shielding is
harder, but STARs can approach optimal rewards when the winning
region is strongly connected. Addressing correctness without full
MDP access remains a challenge for future work.

Other work that is not directly related to shielding, but is relevant
to our work along with all proofs and additional formalizations can
be found in the full version of the paper [4].

2 PRELIMINARIES

This section provides an overview of notation and concepts.

Notation.We denote by R the set of real numbers and [𝑎;𝑏] repre-
sents the interval {𝑎, 𝑎+1 · · · , 𝑏}. We write Σ∗ and Σ𝜔 to denote the
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(a) Unshielded Bot (b) Shielded Bot (c) Unshielded Lander (d) Shielded Lander

Figure 1: Applying STARs on different benchmarks. For FactoryBot: The agent must visit B (green), while maximizing

the average reward (small numbers in cells). Images show the agent’s heatmap without a shield (a), with our shield (b). For

LunarLander: The agent must land on the helipad (between the flags) while avoiding crashing. Images show the lander’s

trajectory without a shield (c), with our shield (d).

set of finite and infinite sequences of elements from a set Σ, respec-
tively. A probability distribution over a finite set 𝑆 is denoted as a
function 𝜇 : 𝑆 ↦→ [0, 1] such that∑𝑠∈𝑆 𝜇 (𝑠) = 1. The set of all proba-
bility distributions over 𝑆 is denoted asD(𝑆). The support of a distri-
bution 𝜇 is the set supp(𝜇) = {𝑠 ∈ 𝑆 | 𝜇 (𝑠) > 0}. Given two distribu-
tions 𝜇1, 𝜇2 ∈ D(𝑆), the total variation distance between 𝜇1 and 𝜇2
is defined as: DTV (𝜇1, 𝜇2) = 1

2
∑
𝑠∈𝑆 |𝜇1 (𝑠) − 𝜇2 (𝑠) |. Given any func-

tion 𝜇 : 𝑆 ↦→ R, we use N(𝜇) ∈ D(𝑆) to denote its normalized dis-
tribution: N(𝜇) (𝑠) = 𝜇′ (𝑠 )∑

𝑠′ ∈𝑆 𝜇′ (𝑠′ ) , where 𝜇′ (𝑠′) = max(𝜇 (𝑠′), 0) .

Markov Decision Process. A Markov Decision Process (MDP) is a
tuple𝑀 = ⟨𝑄,𝐴,Δ, 𝑞0⟩ where 𝑄 is a finite set of states, 𝐴 is a finite
set of actions, Δ : 𝑄 ×𝐴 ↦→ D(𝑄) is a (partial) transition function
and 𝑞0 ∈ 𝑄 is the initial state. For any state 𝑞 ∈ 𝑄 , we let 𝐴(𝑞)
denote the set of actions that can be selected in state 𝑞. A strongly

connected component (SCC) of an MDP𝑀 is a maximal set of states
𝑄 ′ ⊆ 𝑄 such that for every pair of states 𝑞, 𝑞′ ∈ 𝑄 ′, there exists a
path from 𝑞 to 𝑞′ in 𝑄 ′ with non-zero probability.

Given a state 𝑞 and an action 𝑎 ∈ 𝐴(𝑞), we denote the probability
of reaching the successor state 𝑞′ from 𝑞 by taking action 𝑎 as
pr (𝑞′ |𝑞, 𝑎). A run 𝜌 of an MDP 𝑀 is an infinite sequence in 𝑄 ×
(𝐴 × 𝑄)𝜔 of the form 𝑞0𝑎0𝑞1 . . . such that pr (𝑞𝑖+1 |𝑞𝑖 , 𝑎𝑖 ) > 0. A
finite run of length 𝑛 is a finite such sequence 𝜅 = 𝑞0𝑎0 . . . 𝑞𝑛𝑎𝑛 or
𝜅 = 𝑞0𝑎0 . . . 𝑞𝑛 . We write 𝜌 [𝑖] to denote the 𝑖𝑡ℎ state-action pair
(𝑞𝑖 , 𝑎𝑖 ) appearing in 𝜌 , 𝜌 [𝑖; 𝑗] to denote the infix𝑞𝑖𝑎𝑖 . . . 𝑞 𝑗 for 𝑗 ≥ 𝑖 ,
and 𝜌 [ 𝑗 ;∞] to denote the suffix 𝑞 𝑗𝑎 𝑗 . . .. These notations extend to
the case of finite runs analogously. We write Runs𝑀 (resp. FRuns𝑀 )
to denote the set of all infinite (resp. finite) runs of𝑀 . We denote
the last state of a finite run 𝜌 as last(𝜌).

A policy (or, strategy) in an MDP𝑀 is a function 𝜎 : FRuns𝑀 ↦→
D(𝐴) such that supp(𝜎 (𝜌)) ⊆ 𝐴(last(𝜌)). Intuitively, a policymaps
a finite run to a distribution over the set of available actions from
the last state of that run. A policy is stochastic if |supp(𝜎 (𝜅𝑞)) | =
|𝐴(𝑞) | for every history 𝜅𝑞. A run 𝜌 = 𝑞0𝑎0𝑞1 . . . is a 𝜎-run if 𝑎𝑖 ∈
supp(𝜎 (𝑞0𝑎0 . . . 𝑞𝑖 )). Given a measurable set of runs 𝑃 ⊆ Runs𝑀
or finite runs 𝑃 ⊆ FRuns𝑀 , Pr𝜎 [𝑃] is the probability that a 𝜎-run
belongs to 𝑃 . We use Runs𝑀

𝜎
to denote the set of all 𝜎-runs and by

Π𝑀 the set of all policies over𝑀 .

𝜔-Regular Objectives and (Almost) Sure Winning. Given an
MDP 𝑀 , an objective is defined as a set of runs Φ ⊆ Runs𝑀 . An
𝜔-regular objective can be canonically represented by a parity

objective (possibly with a larger set of states [7]) Φ = Parity[𝑐]
which is defined using a coloring function 𝑐 : 𝑄 → [0;𝑑] that
assigns each state a color. The parity objective Parity[𝑐] contains
all runs 𝜌 ∈ Runs𝑀 for which the highest color (as assigned by the
coloring function 𝑐) appearing infinitely often is even. To define
them formally, let us write Inf𝑄 (𝜌) (resp. Inf𝑄×𝐴 (𝜌)) denoting
the set of all states (resp. state-action pairs) which occur infinitely
often along 𝜌 . Then, the parity objective is defined as Parity[𝑐] =
{𝜌 ∈ Runs𝑀 | max{𝑐 (𝑞) | 𝑞 ∈ Inf𝑄 (𝜌)} is even}, The parity
objective Parity[𝑐] reduces to a Büchi objective, if the domain of 𝑐
is restricted to two colors {1, 2}.

Given an MDP𝑀 and an objective Φ ⊆ Runs𝑀 , a run is said to
satisfy Φ if it belongs toΦ. A policy𝜎 is said to be surely (resp. almost

surely) winning from a state 𝑞, if in the MDP 𝑀𝑞 = ⟨𝑄,𝐴,Δ, 𝑞⟩,
every 𝜎-run satisfies Φ (resp. Pr𝜎 [Φ] = 1). We collect all such states
from which a surely (resp. almost surely) winning policy exists in
the winning region W•

Φ (resp. W◦
Φ ). We say a policy 𝜎 is surely

(resp. almost surely) winning in MDP𝑀 for objective Φ, denoted by
(𝑀,𝜎) |=• Φ (resp. (𝑀,𝜎) |=◦ Γ), if it is surely (resp. almost surely)
winning from every state in winning region.

Standard algorithms for computing winning policies for sure
(resp. almost sure) parity objectives in MDPs reduce the problem
to 2-player (resp. 1 12 -player) parity games [1]. This is obtained
by partitioning the states of the MDP into two sets: the system
player controls the states in one set and chooses the next action;
the environment/random player controls the states in the other set
and chooses the distribution over the next states.
Strategy Templates. Strategy templates [5] collect an infinite num-
ber of strategies over a (stochastic) game in a concise data structure.
With the standard reduction of MDPs with parity objectives to
2-player (or 1 12 -player) parity games, we can use strategy templates
to represent winning policies in MDPs.

Given an MDP 𝑀 = ⟨𝑄,𝐴,Δ, 𝑞0⟩ and a strategy template is a
tuple Γ = (𝑆, 𝐷, 𝐻ℓ ) comprising a set of unsafe state-action pairs
𝑆 ⊆ 𝑄 ×𝐴, a set of co-live state-action pairs 𝐷 ⊆ 𝑄 ×𝐴, and a set
of live-groups 𝐻ℓ ⊆ 2𝑄×𝐴 . A strategy template Γ over 𝑀 induces
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the following set RunsΓ of infinite runs𝜌 ∈ Runs𝑀
�����

∀(𝑞, 𝑎) ∈ 𝑆 : 𝑞𝑎 ∉ 𝜌

∧ ∀(𝑞, 𝑎) ∈ 𝐷 : 𝑞𝑎 ∉ Inf𝑄×𝐴 (𝜌 )
∧ ∀𝐻 ∈ 𝐻ℓ : src (𝐻 ) ∩ Inf𝑄 (𝜌 ) ≠ ∅

→ 𝐻 ∩ Inf𝑄×𝐴 (𝜌 ) ≠ ∅


where src(𝐻 ) = {𝑞 | ∃𝑎 : (𝑞, 𝑎) ∈ 𝐻 }. Intuitively, a run 𝜌 ∈ RunsΓ
satisfies the following conditions: (i) 𝜌 never uses the unsafe actions
in 𝑆 , (ii) 𝜌 stops using the co-live actions in 𝐷 eventually, and (iii)
if 𝜌 visits the set of source states of a live-group 𝐻 ∈ 𝐻ℓ infinitely
often, then it also uses the actions in𝐻 infinitely many times. Given
an MDP𝑀 , a policy 𝜎 in𝑀 follows a template Γ if (𝑀,𝜎) |=• RunsΓ .
If 𝑀 is clear from the context we often abuse notation and write
𝜎 |=• Γ if 𝜎 follows Γ. A strategy template Γ is said to be surely
(resp. almost surely) winning for the parity objective Φ if every
policy that follows Γ is surely (resp. almost surely) winning for Φ.

Existing algorithms [5, 33] compute a surely (resp. almost surely)
winning strategy template Γ• (resp. Γ◦) for a (stochastic) parity game.
Using these algorithms along with the standard reduction of MDPs
to 2-player (or 1 12 -player) parity games, we obtain a winning strat-
egy template for an MDP. We denote the algorithm that computes
a winning strategy template by Template★(𝑀,Φ) with ★ ∈ {•, ◦}.

3 DYNAMIC 𝜔-REGULAR SHIELDING

This section formalizes our novel dynamic shielding framework
via Strategy-Template-based-Adaptive-Runtime-Shields (STARs)
schematically depicted in Fig. 2.

3.1 Dynamical Interference via STARs

Given a winning strategy template Γ★ = (𝑆, 𝐷, 𝐻ℓ ) for the parity
objective Φ interpret over an MDP, STARs dynamically blend a
given nominal policy 𝜎 with the safety and liveness obligations of
Φ localized in Γ★ as depicted in Fig. 3.

Intuitively, to comply with the safety template 𝑆 , STARs set
the probabilities of unsafe actions to zero, preventing runs from
reaching states where Φ can no longer be satisfied. For each edge
in the co-live group 𝐷 , STARs maintain a counter for how often the
edge is sampled; each sample reduces its probability so that runs
eventually avoid co-live edges. Similarly, for each live group 𝐻ℓ ,
STARs keep a counter for how often the policy visits the group’s
source states without sampling any of its actions. Each such visit
increases the probability of sampling these actions (as a function
of the counter), ensuring that if the source states are visited often
enough, some action in the live group is eventually sampled with
probability close to 1. After an action is sampled, the counter resets
and the process repeats. To formalize this intuition, we first define
the history-dependent counter functions for co-live and live groups.

Definition 1. Let 𝑀 be an MDP and Γ = (𝑆, 𝐷, 𝐻ℓ ) a strategy

template interpreted over 𝑀 . Further, let 𝜅 = 𝑞0𝑎0𝑞1𝑎1 . . . 𝑞𝑛𝑎𝑛 ∈
𝐹𝑅𝑢𝑛𝑠𝑀 be a finite run over 𝑀 . Then we define for all (𝑞, 𝑎) ∈
𝐷 : count (𝑞,𝑎) (𝜅) := |{𝑖 | 𝜅 [𝑖] = (𝑞, 𝑎)}|, and for all 𝐻 ∈ 𝐻ℓ :

count𝐻 (𝜅) := |{𝑖 > maxpref
𝜅
𝐻

| 𝜅 [𝑖] ∈ {(𝑞, 𝑎) | 𝑞 ∈ src(𝐻 )}}|,
where maxpref

𝜅
𝐻

:= 𝑗 such that 𝜅 [ 𝑗] ∈ 𝐻 and 𝜅 [ 𝑗 ;∞] ∩ 𝐻 = ∅.

The above definition lets us formalize how a STAR modifies
the distribution 𝜇 (𝐴(𝑞)) over actions chosen by 𝜎 in the current
state 𝑞 (reached with history 𝜅) using a template Γ★. Intuitively,

the resulting counter-based bias toward satisfying Φ is tuned by an
enforcement parameter 𝛾 and a threshold 𝜃 , both of which can be
adjusted dynamically at runtime.

Definition 2 (STARs). Fix an MDP𝑀 , a finite run𝜅 ∈ 𝐹𝑅𝑢𝑛𝑠𝑀 with

𝑞 = last(𝜅), a strategy template Γ interpreted over𝑀 , an enforcement

parameter 𝛾 , and a threshold 𝜃 . Then, the probability distribution

𝜇 ∈ D(𝐴(𝑞)) induces a shielded distribution 𝜇 ∈ D(𝐴(𝑞)) with
𝜇 := N(𝜇′) s.t. for all 𝑎 ∈ 𝐴(𝑞)

𝜇′ (𝑎) :=
{
0 if N(𝜇′′ ) (𝑎) ≤ 𝜃,

N(𝜇′′ ) (𝑎) otherwise.
(1a)

𝜇′′ (𝑎) :=


0 if (𝑞, 𝑎) ∈ 𝑆,

𝜇 (𝑎) − 𝛾 · count (𝑞,𝑎) (𝜅 ) if (𝑞, 𝑎) ∈ 𝐷,

𝜇 (𝑎) + 𝛾 · count𝐻 (𝜅 ) if (𝑞, 𝑎) ∈ 𝐻,𝐻 ∈ 𝐻ℓ .

(1b)

We write 𝜇 = 𝑆𝑇𝐴𝑅𝑠 (𝜇, 𝜅, Γ, 𝛾, 𝜃 ) to denote that 𝜇 is obtained from 𝜇

via (1).

The effect of shielding a policy as formalized in Def. 2 is illus-
trated in Fig. 3. Intuitively, (1b) ensures that the probability of taking
certain actions in state 𝑞 is adapted via the counters induced by
the history of the current run and the enforcement parameter 𝛾 .
For 𝛾 ∼ 1, these updates are very aggressive and for 𝛾 ∼ 0, they
are very mild. As the resulting function 𝜇′′ is not a probability
distribution anymore (as probabilities over 𝐴(𝑞) do not sum up to
1), we normalize it as in (1a) to impose the threshold 𝜃 > 0 to make
sure that a live edge is surely taken after a finite number of time
steps (dependent on 𝛾 and 𝜎). In the end, we normalize the resulting
distribution to obtain the final distribution.

Remark 1. We note that if there is an unsafe action 𝑎 in 𝑆 such

that the current distribution 𝜇 assigns a probability of 1 to it, i.e.,

𝜇 (𝑎) = 1, then 𝜇 as in Def. 2 will be not well-defined as it assigns

zero probability to all actions. This corner case can be handled by

perturbing the distribution 𝜇 slightly, e.g., by adding a small 𝜀 > 0 to
all actions before applying STARs.

With the definition of shielded distribution in Def. 2, the defini-
tion of a shielded policy immediately follows.

Definition 3. Given any MDP 𝑀 , a strategy template Γ interpreted

over𝑀 , a threshold 𝜃 , and an enforcement parameter 𝛾 > 0, a stochas-
tic policy𝜎 in𝑀 induces the shielded policy𝜎 |Γ,𝜃𝛾 : 𝐹𝑅𝑢𝑛𝑠𝑀 ↦→ D(𝐴)
s.t. 𝜎 |Γ,𝜃𝛾 (𝜅) = 𝑆𝑇𝐴𝑅𝑠 (𝜎 (𝜅), 𝜅, Γ, 𝛾, 𝜃 ) .

To avoid the corner case discussed in Rem. 1, the definition as-
sumes that the initial policy 𝜎 is stochastic, i.e., supp(𝜎 (𝜅𝑞)) = 𝐴(𝑞)
for all histories 𝜅𝑞. This is without loss of generality as any deter-
ministic policy can be converted into a stochastic one as discussed
in Rem. 1. Furthermore, as the resulting shielded policy is depen-
dent on the history of a run, a policy is actually shielded via STARs
online while generating a shielded run, as illustrated in Fig. 2 (right).
We emphasize that STARs never modify the underlying stochas-
tic policy in place, thereby maximizing modularity between the
nominal policy and constraint enforcement.

3.2 Correctness of STARs

Correctness of STARs follows directly from the fact that they are
based on winning strategy templates Γ★, which implies that the
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Length of arrows indicate the relative probability of the cor-

responding action in 𝜇 ∈ D(𝐴(𝑞)). The strategy template

Γ = (𝑆, 𝐷, 𝐻ℓ ) is illustrated via colors red (𝑆), orange (𝐷) and

green (𝐻ℓ ). Black arrows are unconstrained. Blending ap-

plies (1b) in Def. 2, bounding applies (1a) in Def. 2 and nor-

malizing applies standard normalization, respectively.

shielded policy 𝜎 |Γ★,𝜃𝛾 satisfies the objective Φ (almost) surely, if it
follows the template. It remains to show that the shielded policy
indeed follows the template. As (1b) ensures that the shielded policy
assigns zero probability to unsafe edges and that the probability of
taking co-live edges is reduced with each visit, the shielded policy
will never take an unsafe edge and will eventually avoid co-live
edges. Furthermore, as (1a) increments the counter for live groups
each time the source states are visited without any action from
the group being taken, the shielded policy will eventually take an
action from the live group. In total, the shielded policy will follow
the template Γ★ and therefore the shielded run satisfies Φ.

Theorem 1. Given the premises of Def. 3 it holds that𝜎 |Γ★,𝜃𝛾 follows

Γ★. Moreover, if Γ★ := Template★(𝑀,Φ), then, every 𝜎 |Γ★,𝜃𝛾 -run from

the winning region of Φ satisfies Φ surely (•) or almost surely (◦).

3.3 Minimal Interference of STARs

Minimal interference of STARs is, unfortunately, less straightfor-
ward to formalize. Based on existing notions, we characterise two
orthogonal notions: (i) a minimal deviation in the distribution of ob-
served histories, and (ii) a minimal expected average shielding cost
measured in the expected number of non-optimal action choices.

History-based minimal interference is inspired by a similar notion
from [16] for safety shields: an action must be deactivated after a
history 𝜅, if and only if there exists a nonzero probability that the
safety constraint would be violated in a bounded extension of 𝜅,
regardless of the agent’s policy. This argument extends to STARs for
both safety and co-live templates, ensuring minimal interference in
these settings. However, defining minimal interference for liveness

templates is more challenging due to their inherently infinite na-
ture, making bounded violations inapplicable. Instead, we establish
minimal interference by showing that for any bounded execution
𝜅 that can be extended to a run that satisfies the liveness template,
the probability of observing 𝜅 in the shielded execution remains
close to its probability under the nominal policy.

Theorem 2. Given the premises of Thm. 1 with 𝜎′ = 𝜎 |Γ★,𝜃𝛾 , for

any 𝜀 > 0 and for all 𝑙 ∈ N, there exist parameters 𝛾, 𝜃 > 0 s.t. for
all histories 𝜅 of length 𝑙 with 𝜅 ∈ pref(Φ), it holds that Pr𝜎 ′ (𝜅) >
Pr𝜎 (𝜅) − 𝜀, where pref(Φ) is the set of prefixes of runs satisfying Φ.

Minimal shielding costs are inspired by a similar notion in [6], where
a cost function is used to measure howmuch a (deterministic) shield
changes the action choices of a (pure) policy. A natural extension
of this notion to stochastic policies is to define a shielding cost
based on the distance between the distributions of the actions taken
by the shielded and the nominal policies. Thereby, the shielding
cost can also vary based on the history of the run, allowing for a
more fine-grained analysis as in [6]. To formalize this, we define
a history-based cost function cost : FRuns → [0,𝑊 ] that assigns
a cost to the history 𝜅 and the cost of shielding the policy 𝜎 at
𝜅 is defined as cost(𝜅, 𝜎, 𝜎′) = cost(𝜅) · DTV (𝜎 (𝜅), 𝜎′ (𝜅)). This
cost captures the interference as the difference between the action
distributions of the original and shielded policies based on the cost
of shielding at 𝜅. This can be generalized to the cost of a run 𝜌 as
cost(𝜌, 𝜎, 𝜎′) = lim sup𝑙→∞

1
𝑙

∑𝑙−1
𝑖=0 cost(𝜌 [0; 𝑖], 𝜎, 𝜎 ′), capturing

the average cost of the difference between both policies over a run.
The following theorem states that the expected average cost of

the shielded policy is bounded when the template contains only
liveness templates. This restriction is needed because satisfying the
𝜔-regular constraint may require the shielded policy to stop (or
eventually stop) taking unsafe (or co-live) actions.

Theorem 3. Given the premises of Thm. 1 with 𝜎′ = 𝜎 |Γ★,𝜃𝛾 , Γ★ =

(∅, ∅, 𝐻ℓ ), and cost function cost : FRuns𝑀 → [0,𝑊 ], for any 𝜀 > 0,
suitable 𝛾, 𝜃 > 0 exist such that E𝜌∼𝜎 ′cost(𝜌, 𝜎, 𝜎′) < 𝜀.

Wenote that the corner case discussed in Rem. 1 does not compro-
mise these results. In Thm. 2, any history 𝜅 satisfying 𝜅 |= pref(Φ)
inherently avoids unsafe actions. In Thm. 3, the assumption that
the strategy template excludes unsafe and co-live actions ensures
that the bound on the expected average cost remains valid.
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3.4 Dynamic Adaptations of STARs

So far, we have considered a shielding scenario for a static parity
objective Φ. However, a major strength of strategy templates is
their efficient compositionality and fault-tolerance, which allow for
further dynamic adaptations of STARs.

Compositionality facilitates the incremental integration of multi-
ple 𝜔-regular specifications into STARs. By using the existing algo-
rithm ComposeTemplate from [5, Alg.4] we can compute STARs
for generalized parity constraints of the form Φ = ∧𝑘

𝑖=1Φ𝑖 , where
each Φ𝑖 represents a parity constraint over 𝐺𝑀

★ . Crucially, these
objectives Φ𝑖 may not be available all at once but might arrive in-
crementally over time, leading to the need to update the applied
shield at runtime. As ComposeTemplate simply combines strategy
templates for all objectives into a single (non-conflicting) template,
Thm. 1 and Thm. 2 also apply in this case, as long as the run is in
the combined winning region of all objectives during the update.

Fault-tolerance ensures that STARs correctly handles occasional
or persistent action unavailability. Persistent faults are addressed
by marking actions unsafe and resolving conflicts as needed (see [5,
Alg.5]), while occasional faults are handled by temporarily exclud-
ing unavailable actions from the template (see [5, Sec.5.2]).

Remark 2. A common assumption in robotic applications is that (in-

crementally arriving) liveness specifications are satisfiable from every

safe node in the workspace [14, 18, 24, 31, 40] – most robotic systems

can simply invert their path by suitable motions to return to all rele-

vant positions in the workspace. Using the common decomposition of

𝜔-regular objectives 𝜑 into a safety part 𝜑𝑠 and a liveness part 𝜑ℓ , one

can restrict the newly arriving objectives to liveness obligations only.

In such applications, incremental synthesis never leads to a decreased

winning region. This is in fact the case in the incremental instances

considered in the FactoryBot benchmark used for evaluation.

3.5 Optimality of STARs in Rewardful MDPs

While we already formalized correctness and minimal interference

of STARs, now we strengthen this result further, i.e., we show
that whenever nominal policies have been computed to optimize a
given reward function (under certain assumptions), STARs produce
a shielded policy which achieves a reward which is 𝜖-close to the
nominal one while additionally guiding the agent to (almost) surely
satisfy an 𝜔-regular correctness specification.

An optimal policy over an MDP is typically computed (e.g. via
reinforcement learning (RL)) by associating transitions with reward

functions which are typically Markovian and assign utility to state-
action pairs. Formally, a rewardful MDP is denoted as a tuple (𝑀, 𝑟 )
where 𝑀 is an MDP equipped with a reward function 𝑟 : 𝑄 ×
𝐴 ↦→ R. Such an MDP under a policy 𝜎 determines a sequence of
random rewards 𝑟 (𝑋𝑖 , 𝑌𝑖 ) for 𝑖 ≥ 0, where𝑋𝑖 and 𝑌𝑖 are the random
variables denoting the 𝑖𝑡ℎ state and 𝑖𝑡ℎ action, respectively. Given a
rewardful MDP (𝑀, 𝑟 ) with initial state 𝑞0 and a policy 𝜎 , we define
the discounted reward and the average reward

Disc𝑞0𝜎 (𝜆) := lim𝑁→∞ E
𝑞0
𝜎

(∑
0≤𝑖≤𝑁 𝜆𝑖𝑟 (𝑋𝑖 , 𝑌𝑖 )

)
Avg𝑞0𝜎 := lim sup𝑁→∞

1
𝑁
E
𝑞0
𝜎

(∑
0≤𝑖≤𝑁 𝑟 (𝑋𝑖 , 𝑌𝑖 )

)
.

For discounted rewards, the impact of obtained rewards de-
creases with time. Therefore, the optimal reward achievable by

a policy over a given MDP significantly depends on the bounded
(initial) executions possible over this MDP. Hence, the 𝜖-closeness
follows directly from Thm. 2.

For average rewards, the optimal average reward is equivalently
impacted by rewards collected over the entire (infinite) length of
runs compliant with the policy. This implies, that a policy can
only satisfy an 𝜔-regular property (almost) surely and optimize
the average reward, if it can “switch” between their satisfaction by
alternating infinitely often between finite intervals which satisfy
either one. This, however, is only possible if the underlying MDP is
‘nice’ enough to allow for this alternation. In particular, it is known
that optimal average rewards is usually obtained by taking the
maximum over the achievable rewards in each good-end components

of the MDP (see [1] for details). Therefore, the 𝜖-closeness of the
average reward can be guaranteed when the MDP is a good-end
component for the specification.

Theorem 4. Given the premises of Thm. 1 with 𝜎′ = 𝜎 |Γ★,𝜃𝛾 and

W★
Φ = 𝑄 , for every 𝜀 > 0, with suitable parameters 𝜃,𝛾 > 0 it

holds that Disc
𝑞0
𝜎 ′ (𝜆) > Disc

𝑞0
𝜎 (𝜆) − 𝜀. Furthermore, if the MDP is

a good-end component, then with suitable parameters, it holds that

Avg
𝑞0
𝜎 ′ > Avg

𝑞0
𝜎 − 𝜀.

Remark 3. We remark that the assumptionW★
Φ = 𝑄 in Thm. 4 is not

restrictive for two main reasons. First, ifW★
Φ ⊊ 𝑄 , we can useW★

Φ
as an additional constraint in existing safe reinforcement learning

frameworks. For instance, one can use preemptive safety shielding
proposed in [2]. This allows to learn an optimal policy within W★

Φ
which directly allows to transfer the results from Thm. 4. Second, we

recall the discussion of Rem. 2 to note that including the safety-part of

the objective into the learning process does not harm the incremental

adaptation of STARs when new (liveness) specifications arrive.

4 EXPERIMENTS

We empirically evaluate STARs on three benchmarks introduced
in Sec. 1.1 to demonstrate their effectiveness in: (i) enforcing 𝜔-
regular (including liveness) properties at runtime, (ii) enabling
dynamic specification updates without retraining, and (iii) scal-
ing to complex environments. To showcase this, we have imple-
mented our shielding algorithm ApplySTARs (as depicted in Fig. 2)
in a Python-based prototype tool MARG (Monitoring and Adaptive
Runtime Guide) [3]. The experiments were run on a 32-core De-
bian machine with an Intel Xeon E5-V2 CPU (3.3 GHz) and up to
256 GB of RAM. Recordings of some simulations are available at
http://anonymous.4open.science/w/MARGA.

4.1 FactoryBot Benchmarks

We evaluate our tool on a benchmark suite FactoryBot for guiding
a robot in a grid world (see Fig. 1a and 1b). As noted in Sec. 1.1, the
robot follows a policy 𝜎 trained to maximize average reward on
randomly generated grids and then shielded with dynamic safety
and liveness specifications (e.g., goal visiting, obstacle avoidance)
using our tool. These specifications are programmatically modified
to simulate deployment-time constraint changes.

Unfortunately, the closest liveness shielding tool from Avni et al.
[6] is not publicly available. Moreover, our evaluation focuses on
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Figure 4: Evaluation summary. (a) Effect of 𝛾 on the Büchi frequency and average reward for ApplySTARs in FactoryBot (b)
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Figure 5: (a) Rate of different landing outcomes in LunarLan-

der (b) Average steps to successfully land in LunarLander.

dynamic interference via online tuning of the enforcement parame-
ter 𝛾 , a feature not supported by existing methods. We also discuss
a comparison against a naïve shielding baseline.
Experimental Setup. We generate random square grids (with
sizes from 5 to 13) by sampling walls and reward zones. The reward
region is placed at an ℓ1-distance between min_dist·size and max_-
dist·size from every cell in the Büchi region (B). We construct 383
instances: 189 Far (min_dist = 0.7, max_dist = 0.9) and 194 Close
(min_dist = 0.1, max_dist = 0.2) instances. We start with a policy
that maximizes average reward without the Büchi objective, then
ApplySTARs is applied. For each instance, we measure the number
of Büchi region visits and the average reward over 100,000 steps
from a random initial state.
Tuning 𝛾 .We analyze the trade-off between the frequency of vis-
its to the Büchi region (Büchi frequency) and the average reward
achieved by ApplySTARs. To achieve higher average rewards, the
robot must spend more time in the high payoff region (R). We
evaluate this trade-off by systematically varying the enforcement
parameter 𝛾 in ApplySTARs and, for each value, measure the aver-
age Büchi frequency and average reward across all instances that
achieve an average reward within 𝜀-close (for 𝜀 ∈ {0.1, . . . , 0.5})
of the maximum possible for that instance. This evaluation is per-
formed separately for the Far and Close categories. As the robot
needs to remain longer in R to increase the average reward, the
distance between B and R becomes a key factor: as the distance

increases, 𝛾 needs to be smaller to attain a given closeness 𝜀 to the
average reward.

This theoretical dependence is supported by Fig. 4a which shows
the Büchi frequency (pink) and the proximity to the maximum
average reward (green) attained by ApplySTARs for a given en-
forcement parameter𝛾 , over instances from Far (dashed) and Close
(solid), respectively. We observe that as the enforcement parameter
increases, the Büchi frequency increases while the average reward
gets further away from the optimal for both classes of instances.
As expected, these trends have a higher slope on Far instances.

Remark 4. We report only on experiments with optimal average

reward policies, as discounted rewards pose less challenge for shielding.

Discounted reward policies depend on initial trace segments, while

𝜔-regular objectives can be satisfied regardless of any finite prefix (if

started in the winning region). This enables a trivial shielding strategy

in the FactoryBot benchmark: use a low 𝛾 initially, then increase it

later. While this yields high performance for both objectives, it is only

possible because STARs support dynamic 𝛾 updates at runtime—a key

advantage over existing methods.

Quality of Shielded Policies. Given the fact that Thm. 4 restricts
attention to good end components (i.e. the maximum color in the
end component is even), we note that any stochastic policy 𝜎 satis-
fies Φ almost surely within each good end component 𝑄 already
without any shielding. This is due to the fact that under stochastic
policies all edges have positive probability of being sampled and,
therefore, infinite runs reach all states in the SCC almost surely. As
the maximum color in 𝑄 is even, all runs satisfy Φ almost- surely.
In practice, however, the frequency with which even color vertices
are seen is extremely low. While one might suggest that perturbing
the nominal policy 𝜎 might increase the frequency of visiting even
color states, this is actually not the case, as this perturbed policy
would explore the entire state space more aggressively. We call the
algorithm that implements this perturbation ApplyNaive.

In contrast, STARs modify probabilities in a targeted fashion.
This (i) avoids visiting odd-color vertices which are not optimal, and
(ii) allows to tune the desired frequency in which even color vertices
are visited via the enforcement parameter. This can be formalized us-
ing the notion of frequency of a run 𝜌 visiting a set𝑇 of states which
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can be defined as freq(𝜌,𝑇 ) = lim sup𝑙→∞
1
𝑙
|{𝑖 ∈ [0; 𝑙] | 𝜌 [𝑖] ∈ 𝑇 }|.

With this definition, the following theorem4 ensures that the fre-
quency of a run 𝜌 visiting even color states can be increased by
tuning the enforcement parameter 𝛾 .

Theorem 5. Given the premises of Thm. 4 with 𝜎′ = 𝜎 |Γ•,𝜃𝛾 and 𝑇

being the set of even color states in the objective Φ, for every frequency
0 < 𝛿 ≤ 1

|𝑄 | , there exists parameters 𝜃,𝛾 > 0 such that for every run

𝜌 ∼ 𝜎′, it holds that freq(𝜌,𝑇 ) ≥ 𝛿 .

This result is supported by Fig. 4b, which compares our shielding
approach ApplySTARs with the naive approach ApplyNaive on
the FactoryBot benchmark suite. Fig. 4b plots the average Büchi
frequency (y-axis) for all instances that obtained an average reward
that is 𝜀-close to the maximal possible reward in that instance,
where 𝜀 ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6} (x-axis). The red line shows
averages for the robot shielded by ApplySTARs, and the dashed blue
line for ApplyNaive. We see that ApplySTARs achieves a similar
average reward while ensuring a much higher Büchi frequency
than ApplyNaive. Moreover, ApplyNaive cannot increase Büchi
frequency beyond a very low level, whereas ApplySTARs can attain
very high Büchi frequency by trading off average reward.

4.2 Overcooked-AI Benchmarks

Weassess the scalability of our shield computation via theOvercooked-
AI environment [11], a widely used benchmark for cooperative
multi-agent reinforcement learning. Here, autonomous agents are
trained to repeatedly perform cooking tasks. We use LTL specifica-
tions to encode additional recipe requirements of produced dishes.
STARs are used to enforce the (additional) production of soups
satisfying these requirements infinitely often.

From a shielding perspective, Overcooked-AI is very similar
to FactoryBot as it is based on a known finite MDP and the
LTL recipe objective gets translated into a Büchi objective on the
two-player game graph extracted from the known MDP. There-
fore, the insights about tuning the enforcement parameter and
improving shielding quality discussed in Sec. 4.1 identically ap-
ply to Overcooked-AI. Here ’far’ and ’close’ instances (cf. Fig. 4a)
however relate recipes rather than grid states. If additional recipe
constraints align with the recipe the agent policy was learned on
no shielding is needed and both types of dishes are produced with
a similar frequency. If recipes are complementary, 𝛾 can be used to
balance the frequency of produced dishes.

The main difference between FactoryBot and Overcooked-AI
is the size of the naturally arising game arenas which is why we
choose Overcooked-AI benchmarks to demonstrate the scalability
of ApplySTARs. Towards this goal, we utilize with the cramped_-
room layout with increasing sizes. Within this layout, two agents
can move in four directions and perform actions such as picking
up ingredients, serving soups, and placing items on counters. We
construct the game graph naively by enumerating all possible states
and actions, resulting in graphs ranging from 68000 to 2.2 million
states across different layout sizes. We compute STARs for each

4Note that this shows the existence of such parameters only for the case of surely
satisfying Φ. For the case of almost-sure satisfaction, the frequency would also depend
on the transition probabilities of theMDP and hence, we cannot guarantee the existence
of such parameters for every 𝛿 , while the same intuition still holds.

instance, with an overview of state counts and computation times
presented in Fig. 4c. These results demonstrate that the synthesis of
STARs scales to million-state environments with practical one-time
computation time cost (about 1 hour) prior to deployment. We sus-
pect that improved game graph extractions that cluster states with
similar shielding requirements can further improve the scalability
of ApplySTARs and is an interesting direction for future work.

4.3 LunarLander Benchmarks

Wefinally evaluate ApplySTARs on the LunarLander benchmark [9].
The standard environment is modified to have more height and to
have a randomly positioned helipad. We also modify the reward to
not depend on landing on the pad5.
Experimental Setup.We train a baseline policy using standard
proximal policy optimization (PPO) for 50000 time steps, which
ensures that the lander touches down safely—though not necessar-
ily on the helipad. Then, to apply STARs, we introduce a 60 × 60
grid which discretizes only the 𝑥/𝑦 coordinates of the hidden 8-
dimensional MDP of the lunar lander. We further reinterpret the
lander actions to move along those grid cells, which vastly simpli-
fies the actual dynamics of the lunar lander. We extract a game from
this grid equipped with a safety (preventing the lander from leav-
ing the environment) and a liveness (steering toward the helipad)
objective and use it to synthesize STARs. We then ApplySTARs on
the trained policy. For comparison, we also evaluate a safety shield
which solely prevents the lander from leaving the environment or
landing outside the helipad region.
Results. We randomly generated 200 seeds to initiate the environ-
ment, and compare the result of policies being (i) unshielded, (ii)
shielded with safety shield, and (iii) shielded with STARs. The re-
sults are summarized in Fig. 5. The results show that the unshielded
policy lands on the helipad in 10.5% cases, while the safety shielded
policy lands on the helipad in 31% cases, and our shielded policy
lands on the helipad in 87% cases. Also, the average steps to land
on the helipad are 5868 for unshielded, 8082 for safety shielded,
and 4650 for liveness shielded policies showing that liveness steers
the lander toward the helipad more quickly. This showcases the
effectiveness of STARs in ensuring liveness while preserving the
learnt policy to not crash the lander.

In particular, this behavior is observed even though the actual
dynamics of the lander are very complex, leading to quite different
abstract behavior as captured by our small game abstraction used
to compute STARs. This showcases the applicability of STARs to
complex high-dimensional environments. Combined with the scal-
ability results on Overcooked-AI we believe that a future scaling of
STARs towards industrial scale benchmarks is possible.
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