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Abstract

Large language models (LLMs) are increasingly used to
control embodied agents by mapping natural-language (NL)
commands to high-level actions. While this paradigm en-
ables flexible human–robot interaction, it also introduces sig-
nificant safety risks, as LLM-generated (or translated) com-
mands are not guaranteed to respect physical, environmental,
or mission-critical constraints. In this paper, we present an
application of reactive synthesis modulo theories to the real-
time guardrailing of an LLM-controlled quadruped robot, us-
ing the first-order theory of bitvectors as a symbolic abstrac-
tion of the robot’s action space and environment state.
Our system translates NL commands into discrete bitvector-
encoded actions, which are then filtered by a formally synthe-
sized guardrail (a.k.a., a shield) that enforces safety-critical
properties expressed in a temporal logic. The shield oper-
ates online and corrects unsafe commands while preserving
the intent of the LLM whenever possible. We instantiate our
framework in a realistic locomotion setting, inspired by re-
cent work on language-driven robot control, and demonstrate
that the robot maintains safety under adversarial and dynamic
environmental conditions.

1 Introduction
LLMs (Vaswani et al. 2017) have recently emerged as a
powerful interface between humans and robotic systems, en-
abling users to specify complex tasks and actions using NL.
In this paradigm, a human issues a high-level command such
as “move slowly” or “turn left and avoid obstacles,” which is
then translated by an LLM into an actionable control repre-
sentation (Yao et al. 2022). This approach has been shown to
significantly increase the flexibility and usability of robotic
platforms, particularly in unstructured environments (Lewis
et al. 2020).

However, LLMs lack intrinsic guarantees of correctness
or safety (Driess et al. 2023). They are trained to optimize
linguistic plausibility rather than physical feasibility or ad-
herence to formal constraints. As a result, LLM-generated
translations (or commands) may lead to undesired behav-
iors, such as excessive speed on slippery terrain, collisions
with obstacles, or unstable postures. This issue is particu-
larly acute in safety-critical domains such as legged loco-
motion, where small deviations can result in falls, hardware
damage, or harm to humans (Lee et al. 2020).

Runtime enforcement as a safety paradigm. A general
way of dealing with this kind of unsafe behavior is run-
time enforcement (a.k.a. shielding): a corrective mechanism
that monitors the actions proposed by an untrusted com-
ponent (here, an LLM) and overrides them online when-
ever they would violate a safety requirement. Concep-
tually, this paradigm has deep roots in classical super-
visory control of discrete-event systems (Cassandras and
Lafortune 2008), where a supervisor disables actions that
would lead to forbidden states, and it has recently re-
emerged in modern AI under different names, ranging from
filter-based safety layers in reinforcement learning to re-
cent agentic safety wrappers around LLMs (e.g., ShieldA-
gent (Chen, Kang, and Li 2025)). Within this broader fam-
ily, shield synthesis (Bloem et al. 2015; Alshiekh et al. 2017;
Corsi et al. 2025; Jansen et al. 2020; Könighofer et al. 2025;
Heck et al. 2026) is the formal instantiation that we adopt:
the shield is automatically constructed from a temporal-logic
specification and comes with correctness guarantees against
any sequence of proposed actions and environment behav-
iors.

Our approach. We use shield synthesis to guardrail
LLM-controlled or LLM-assisted robots, enforcing formal
safety specifications expressed in Linear Temporal Logic,
LTL (Pnueli 1977). We focus on locomotion as a demanding
application domain, inspired by recent work on language-
conditioned robot control, SayTap (Tang et al. 2023), which
uses a real quadruped (see Fig. 1), and related LLM-driven
robot planning systems like SayCan (Ahn and others 2022).
We deliberately build on top of SayTap among many recent
LLM-based robotics frameworks because (i) it provides a
structured, interpretable action space (foot-contact patterns
plus discrete locomotion parameters), and (ii) this action
space is directly compatible with bitvector encoding and for-
mal synthesis. Other very recent LLM-based control ap-
proaches (e.g., end-to-end vision-language-action policies)
are largely complementary to our contribution and could in
principle be plugged into the same shielding pipeline when-
ever they expose a discrete, interpretable action interface. As
in the original paper, we encode high-level actions such as
gait selection, speed, turning, and posture using fixed-width
bitvectors. In addition, environmental observations such as
terrain type, slope, and obstacle proximity are encoded in
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the same structured manner.
Since bitvectors have finite domains, realizability can be

reduced to classical finite-state LTL synthesis; thus, shield
construction is decidable. However, using classic Boolean
LTL to express large bitvectors is neither scalable nor inter-
pretable, so we express safety requirements using LTL Mod-
ulo the First-Order Theory of Bitvectors (LTLBV), which
we define in this paper for the first time. This allows us to
state properties like:

“The robot must never gallop on slippery terrain,”
“High speed must eventually be followed by stabiliza-
tion,”
“If the battery is low, jumping is disabled.”
Thus, we use shield synthesis modulo theories (Rodrı́guez

and Sánchez 2024a; Rodrı́guez et al. 2025a) to compute our
shields offline before execution.

The overarching question we set out to answer is:
Can formal shielding guarantee safety in language-
driven robot control without sacrificing flexibility or ef-
ficiency?

In our architecture, at each timestep, an LLM proposes an
action encoded as a bitvector. Then, a synthesized shield
monitors the current state of the robot and the environment
and modifies the proposed action if and only if necessary
to ensure compliance with the specification. The resulting
combined behavior of LLM and shield is therefore correct-
by-construction with respect to the specification, regardless
of the commands issued by the LLM or the evolution of the
environment.

Beyond NL to bitvector translation, our framework also
supports explanation and autonomous planning. A transla-
tion model (LLM1) maps NL into structured bitvector ac-
tions; an explanation model (LLM2) explains shield inter-
ventions; and optionally, a planner model (LLM-P) gener-
ates high-level instructions autonomously. Crucially, none
of these components can bypass the shield: formal guaran-
tees are enforced independently of linguistic variability or
hallucinations (Kaplan et al. 2020).

In summary, this paper makes the following contributions:
• We introduce a structured encoding of quadruped locomo-

tion actions and environmental observations using fixed-
width bitvectors, enabling temporal specifications that
combine word-level arithmetic, comparisons, and bitwise
constraints.

• We instantiate reactive synthesis modulo theories with the
theory of bitvectors and formalize runtime shielding for
LLM-generated actions using LTLBV specifications. We
note that, due to the bounded nature of the domain of
bitvectors, shield construction is decidable.

• We design an architecture that combines synthesized
shields with LLM-based translation, explanation, and op-
tional autonomous planning, while preserving correctness
regardless of NL input.

• We implement the framework in a simulated locomotion
environment (see Fig. 2) and demonstrate that the syn-
thesized shield eliminates unsafe behaviors proposed by
LLM-driven control with negligible runtime overhead.

Figure 1: Robot from the SayTap paper, together with an input
example of the human. The source code is private.

Figure 2: Simulated environment. The cube in which the robot
operates is moving all the time to simulate real displacement.

By integrating learning-based control with formal meth-
ods, this work demonstrates a practical path toward deploy-
ing LLM-driven robotic systems with strong safety guaran-
tees. More broadly, it illustrates how reactive (shield) syn-
thesis modulo theories can serve as a principled foundation
for building trustworthy, human-interpretable, and correct-
by-construction robotic controllers in the age of LLMs.

2 Preliminaries
2.1 LTL, Synthesis, and LTLT
LTL (Pnueli 1977; Manna and Pnueli 1995; Pnueli and Ros-
ner 1989) is a modal logic whose syntax consists of formulas
with atoms a ∈ 2AP (where AP is a set of atomic proposi-
tions), Boolean operators like ∧ and ¬, and temporal opera-
tors such as and U .

Semantics of LTL associate traces π ∈ Σω with formulas
as follows:

• π |= > always holds;

• π |= a iff a ∈ π(0) for a ∈ AP ;

• π |= ϕ1 ∨ ϕ2 iff π |= ϕ1 or π |= ϕ2;

• π |= ©ϕ iff π1 |= ϕ (where π1 is the suffix of π starting
at position 1);

• π |= ϕ1 U ϕ2 iff for some i ≥ 0, πi |= ϕ2, and for all
0 ≤ j < i, πj |= ϕ1.

From these, common operators like  (“always”) and
 (“eventually”) are derived. Intuitively, ϕ means that
the property ϕ holds at every time step of the trace, while
ϕ means that ϕ holds at some (current or future) time
step. For example, in our locomotion setting, (terrain =
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slippery → speed ≤ 3) requires that the speed is bounded
whenever the terrain is slippery, at every time step; whereas
(gait = walk) requires the robot to switch to the walk
gait at some point in the future. For safety formulas (very
typical in shielding) ϕ, which are such that for every failing
trace π 6|= ϕ, there exists a finite prefix u of π where all
extensions π′ of u also falsify ϕ (i.e., π′ 6|= ϕ).

Reactive synthesis for LTL (Piterman, Pnueli, and Sa’ar
2006; Finkbeiner 2016; Jacobs et al. 2017) involves con-
structing a system from a specification ϕ, where variables
are partitioned into environment-controlled (uncontrollable)
and system-controlled (controllable) sets. Realizability de-
termines whether a system exists that satisfies ϕ against all
environment behaviors, modeled as a two-player game. The
system wins if it can enforce ϕ on the resulting trace; oth-
erwise, the specification is unrealizable, indicating the envi-
ronment has a strategy to violate ϕ.

LTLT (Geatti, Gianola, and Gigante 2022; Rodrı́guez
and Sánchez 2023) extends traditional LTL by replacing
atomic propositions with literals from a first-order theory
T (Bradley and Manna 2007) which consists of functions,
constants, variables, and a domain (e.g., Presburger or real
arithmetic). The semantics of LTLT associate infinite traces
π ∈ Σω

T with formulas, where ΣT maps variables to values
in the domain of T . A trace π satisfies a literal l at position
i if the valuation π(i) evaluates l to true under T .

LTLT realizability extends LTL realizability to games
in arenas with potentially infinitely many successors if
variable ranges are infinite. This is why the problem is
usually called infinite-state synthesis (Katis et al. 2018;
Samuel, D’Souza, and Komondoor 2021; Samuel, D’Souza,
and Komondoor 2023; Heim and Dimitrova 2025b; Heim
and Dimitrova 2025a; Azzopardi et al. 2025). LTLT seman-
tics associate traces π ∈ Σω

T with formulas, where π |= l
holds if π(0) |=T l, i.e., the valuation π(0) makes literal l
true under T .

This infinite-state/modulo-theories synthesis framework
is particularly relevant to build safety shields that can
enforce complex properties under complex environments,
which has been demonstrated so far in use cases involving
reinforcement learning agents (Kim et al. 2025; Rodrı́guez et
al. 2025a; Corsi et al. 2024). Beyond classical realizability,
more permissive notions such as maximum realizability for
LTL modulo theories (Rodrı́guez and Sánchez 2026) have
been recently studied as a way of recovering useful shields
when the full specification is not realizable.

2.2 First-Order Theory of Bitvectors
We instantiate LTLT with the first-order theory of fixed-
width bitvectors, denoted BVk. Bitvectors offer a finite,
word-level representation of discrete actions and environ-
ment states, together with arithmetic and bitwise operations
that are natural for digital control encodings.

Syntax and Semantics. For a fixed width k ∈ N, a bitvec-
tor variable x ∈ BVk ranges over the finite domain {0, 1}k.
Formulas are built from variables, constants, and the follow-
ing operators and predicates:

• Bitwise Boolean operators: and, or, xor, not. These are
interpreted componentwise over the k bits.

• Arithmetic operators (modulo 2k): +, − (and optionally
×), with wraparound semantics.

• Comparison predicates: equality =, disequality 6=, and
unsigned comparisons <,≤, >,≥. Note that signed com-
parisons can be defined via the most significant bit.

• Structural operators: extraction extracti:j(x), concatena-
tion concat(x, y), and bitwise shifts.

• Derived word-level operations: tests on the most signif-
icant bit (MSB), masking via conjunction with constant
words, and overflow detection (e.g., via carry or MSB
change).

All arithmetic is interpreted modulo 2k. Thus, for k = 4,
15 + 1 = 0. Unsigned comparisons follow the natural or-
der on {0, . . . , 2k − 1}, while signed comparisons interpret
the MSB as a sign bit (two’s complement). Masking opera-
tions such as x and m allow selecting specific fields within a
word, which is particularly useful when encoding structured
control signals.

A valuation ν assigns to each variable a word in {0, 1}k.
Satisfaction of a literal ` under ν, written ν |=BVk

`, is
defined by the standard interpretation of the above opera-
tors over fixed-width words. We refer the reader to (Bar-
rett, Dill, and Levitt 1998; Kroening and Strichman 2016;
Subramanian et al. 2016) for further understanding and clas-
sic results of bitvectors.

Decidability and Complexity. The first-order theory of
fixed-width bitvectors is decidable. Since each sort BVk

has a finite domain of size 2k, any closed formula can in
principle be evaluated by finite enumeration. In particular,
quantifier-free BVk formulas are decidable and form a stan-
dard background theory of SMT solvers, like the ones within
SMT-lib (Barrett, Fontaine, and Tinelli 2016)). In addition,
Fragments with quantifier prefixes such as ∃∗∀∗∃∗ remain
decidable due to the finite domain, although naive quantifier
elimination may incur exponential blowup in k.

Decision procedures typically combine word-level rea-
soning with bit-blasting to propositional logic, yielding
worst-case complexity that is exponential in the bit-width
but practical for small fixed sizes.

3 Architecture and System Model
3.1 Shield as a Mealy Machine
As we mentioned, in this paper we use the shielding mod-
ulo theories framework (Rodrı́guez et al. 2025a). Con-
cretely, given specification ϕ in LTLBV, we perform reac-
tive synthesis and we obtain a shield, which is modeled
as a reactive transducer in the form of a Mealy machine
S = (Q, q0, δ, λ), where:
• Q is a finite (or finitely represented) set of states,
• q0 ∈ Q is the initial state,
• δ : Q×A× E → Q is the transition function,
• λ : Q×A× E → A is the output function.
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Figure 3: A general shielding architecture, where the neural net-
work represents U (in this paper, an LLM or a human), shield
is the Mealy machine as in Sec. 3.1, et is the environment input,
at the suggested LLM output and a′t is the correction (all of them
bitvectors). Provider represents the Skolem function that pro-
vides the correction, which needs to receive et as input (Sec. 4.2).

The full architecture is a combination of two elements:
the aforementioned shield S and a system under study U ,
which is intended to take the majority of the decisions but
might be faulty with respect to ϕ because it is either a
learned component or a policy expressed in NL.

We are now ready to explain how our architecture (see
Fig. 3) works at each timestep t:

1. Environment (usually captured with sensors) provides in-
put et ∈ E, which is fed to both S and U .

2. Then, U issues an action at ∈ A in the domain of a first-
order theory (in this case, bitvectors).

3. In case δ(q, et, at) = q′ is such that q′ is safe w.r.t. ϕ,
then S passes at; else, it computes corrected action a′t.

4. Robot executes either at or a′t.

Although we have the same fundamental schema, in this
paper, there is a critical variation between some steps:

1. First step is as aforementioned.

2. Then, U (in this paper, either a human or an LLM) does
not issue a first-order theory action, but instead an NL
command lt.

3. Then, an LLM translates lt into a bitvector action at ∈ A.

4. Last step continues as previously; and, if corrected, a′t
might feed U (see Sec. 5.3).

This architecture ensures that the robot’s executed behav-
ior always satisfies the formal specification ϕ, regardless of
the LLM’s output or environmental disturbances. Note that,
at each t, the shield evolves according to at (resp. a′t) as
follows: qt+1 = δ(qt, at, et), with the internal state qt com-
pactly representing the information about the past that is
relevant for enforcing the specification. This includes, for
example, whether unsafe conditions were recently observed
or whether certain actions were repeated: e.g., “If slipping
persists for several timesteps, force a stop.” and “Avoid re-
peating unstable contact patterns.” Such properties cannot
be captured by memoryless correction policies and require a

stateful reactive model. Importantly, the internal state of U
might (and usually will) be different.

3.2 Bitvector Encoding
Following the encoding from SayTap, we represent
quadruped locomotion commands using foot contact pat-
terns. A foot contact pattern specifies which of the four legs
are in contact with the ground at a given phase of the gait
cycle. These patterns capture the essential structure of com-
mon gaits such as walking, trotting, pacing, and galloping.

Let the legs be indexed as {FL,FR,BL,BR} (front-left,
front-right, back-left, back-right). A contact pattern is a 4-
bit vector p ∈ {0, 1}4, where each bit indicates whether the
corresponding foot is in contact with the ground; e.g.
• Walk: alternating single-foot support.
• Trot: diagonal pairs in contact.
• Gallop: asymmetric patterns.
• Stand: all four feet in contact.

A full action is not a single pattern but a symbolic descrip-
tion of how patterns evolve over time, together with discrete
parameters such as speed and turning direction.

Bitvector Encoding of the System. We encode each
LLM-generated action as a fixed-width bitvector at ∈ BVk.
The fields of this bitvector are interpretable and correspond
to locomotion-relevant parameters.

A concrete layout used in our implementation is:

Bits Meaning
[0 : 3] Current foot contact pattern (4 bits)
[4 : 7] Next foot contact pattern (4 bits)
[8 : 9] Gait type (walk, trot, pace, gallop)
[10 : 13] Discrete speed level (0–15)
[14] Turn left/right
[15] Crouch
[16] Jump

This encoding allows us to express both instantaneous and
short-horizon locomotion intent, such as transitions between
foot contact patterns.

Bitvector Encoding of the Environment. The environ-
ment is modeled as a source of exogenous inputs, also en-
coded using fixed-width bitvectors. Each environment input
et ∈ BVm represents discretized sensor readings and con-
textual information.

A concrete environment encoding is:

Bits Meaning

[0 : 1] Terrain type (flat, rocky, slippery, soft)
[2 : 6] Slope angle (quantized)
[7 : 10] Obstacle proximity (0–15)
[11 : 14] Wind intensity
[15 : 18] Battery level
[19] External disturbance flag

This discretization enables the shield to reason symbol-
ically about safety-critical conditions such as steep slopes,
slippery surfaces, high wind intensity, or low battery levels.
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The environment is assumed to be adversarial but bounded:
at each timestep, it may choose any valuation within the
specified finite domain.

Again, it is important to note that, unlike SayTap, which
focuses primarily on expressive control generation, our
framework models the environment explicitly as a reactive
adversary in a two-player game between the environment,
choosing et ∈ BVm, and the system (or shield), produc-
ing at ∈ BVk. This modeling choice is essential for reactive
synthesis. Safety guarantees must hold for all admissible en-
vironment behaviors, including worst-case sequences like:

• sudden transitions from flat to slippery terrain,
• abrupt increases in slope,
• rapidly decreasing obstacle distance,

Such properties cannot be captured purely at the level of
instantaneous control commands. They require reasoning
about sequences of environment valuations and system re-
sponses. LTLBV enables precisely this interaction between
environment evolution and locomotion decisions.

4 Reactive Synthesis Modulo Bitvectors
4.1 LTL Modulo Bitvectors
Syntax and Semantics. In this paper, we have instantiated
the general framework of LTLT with T = BV, obtaining
LTLBV, where atomic propositions are replaced by literals
over fixed-width bitvectors. More formally, let A = BVk

denote the action space and E = BVm the environment
space. A trace is an infinite sequence

π = (e0, a0)(e1, a1)(e2, a2) . . .

with et ∈ E and at ∈ A for all t ≥ 0. Equivalently, π
induces at each time step t a valuation νt over all bitvector
variables.

Atomic formulas are BV-literals over action and environ-
ment variables, such as:

speed(a) ≤ 3 terrain(e) = slippery,

where subfields1 are defined via extraction or masking.
As an illustration, consider a trace in which terrain(e0) =

slippery, speed(a0) = 5, and speed(a1) = 2. Then the for-
mula

(
terrain(e) = slippery→ speed(a) ≤ 3

)
is violated

at time 0, since the bitvector comparison fails under ν0.

Examples of LTLBV Properties. We now illustrate some
properties expressible in LTLBV. For readability, we use
symbolic names for subfields, understood as bitvector ex-
pressions via extraction or masking.

• Speed restriction on slippery terrain (system):


(
terrain(e) = slippery→ speed(a) ≤ 3

)
.

• No gallop on steep slopes (system):


(
slope(e) > 8→ gait(a) 6= gallop

)
.

1Here, we call subfields a designated group of bits inside a
larger bitvector that encodes one logical component of the word
(e.g., speed, gait, terrain).

• Battery-aware limitation (system):


(
battery(e) < 2→ jump(a) = 0

)
.

• Eventual stabilization after disturbance (system):


(
disturbance(e) = 1→ gait(a) = walk

)
.

• Cooldown after high speed (system):


(
speed(a) > 10→ speed(a) ≤ 5

)
.

• Bounded slope variation (environment):


(
|slope(et+1)− slope(et)| ≤ 2

)
,

encoded using bitvector subtraction and comparison.
• Obstacle persistence (environment):


(
obstac(e) = 1→  obstac(e) = 1∨ obstac(e) = 0

)
,

constraining admissible next valuations.

These examples illustrate that LTLBV naturally combines
temporal reasoning with word-level arithmetic and bitwise
constraints.

4.2 Synthesis Modulo Bitvectors
Decidability and Complexity. Reactive synthesis for
LTLBV is decidable because the underlying theory BVk has
a finite domain k, and satisfiability of the ∀∗∃∗ fragment of
BVk is decidable2. Informally, the intuition is that, since
every variable ranges over BVk for fixed k, each sort has
cardinality 2k. Hence, the combined action–environment al-
phabet Σ = BVm × BVk is finite; thus, every LTLBV speci-
fication induces a finite (though exponentially large) arena.

The worst-case complexity is dominated by classical LTL
synthesis (2EXPTIME-complete), together with an expo-
nential blowup in the bit-width blasting or Boolean abstrac-
tion (Rodrı́guez and Sánchez 2024b).

Controller Construction. In practice, in embedded con-
trol appearing in this paper, bitvector widths are small,
and synthesis remains tractable. Therefore, full controller
construction for LTLBV is possible via standard state-of-
the-art methods like (Rodrı́guez, Gorostiaga, and Sánchez
2024). A key step here is the synthesis of Skolem func-
tions, which realize the output λ of the Mealy machine
(Sec. 3.1). Concretely, given a response of the system of
the form ∀x. ∃y. R(x, y), a Skolem function h witnesses
correctness if ∀x. R(x, h(x)) is valid.
Example 1. Consider an environment variable x ∈ BVk

whose most significant bit msb(x) encodes a critical con-
dition (e.g., a hazard flag). Now, assume the specification
requires: 

(
msb(x) = 1 → y = x + 1

)
, where, y ∈ BVk

2We refer the reader to (Rodrı́guez and Sánchez 2023) where
authors show that, if the theory admits decidable validity for for-
mulas of the form ∃∗∀∗, then LTLT realizability and synthesis can
be reduced to Boolean LTL synthesis via an equi-realizable ab-
straction. For bounded theories (such as bounded integers or BVk

itself), this condition holds trivially, since quantifiers range over fi-
nite domains and can be blasted into Booleans (and satisfiability of
quantified Boolean formulas is well known to be decidable)
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is controlled by the the system. For this particular example,
the Mealy machine would be a single machine3 whose (po-
tentially single) Skolem function would realize the following
first-order safety–critical constraint:

∀x. ∃y.
(
msb(x) = 1→ y = x+ 1

)
A Skolem function witnessing realizability is:

h(x) =

{
y = x+ 1 if msb(x) = 1,

0 otherwise.

Indeed, note that a simpler condition-free function h(x) =
x+ 1 would also be admissible here.

As we can see, controller synthesis amounts to construct-
ing a word-level function that branches on bitvector predi-
cates (such as the most significant bit) and produces struc-
tured output words. The resulting Mealy machine can there-
fore be viewed as computing Skolem functions over BVk

(and respective states), realizing the temporal specification.
Thus, one can synthesize a full bitvector-valued controller

that directly maps environment words to action words, yield-
ing a standalone Mealy machine over BV.

5 Shielded Language-Based Control
5.1 Why Not Full Control Synthesis?
Although possible, full reactive synthesis of the locomotion
controller is not desirable in our setting, because the phys-
ical world in which the quadruped operates is highly com-
plex: factors like terrain geometry, contact dynamics, dis-
turbances, and perception uncertainty cannot be faithfully
captured in a small finite abstraction. A complete controller
synthesized from LTLBV would therefore be:

• either overly conservative,
• or based on a drastically simplified model,
• or intractably large.

Moreover, locomotion involves rich planning objectives
(speed optimization, path efficiency, task completion) that
are not naturally expressible as temporal constraints alone.

For these reasons, we deliberately restrict the outcome of
the synthesis process to get a shield: a corrective Mealy ma-
chine that enforces constraints over externally proposed ac-
tions. Instead, high-level control decisions are instead dele-
gated to a human operator in the loop (Sec. 5.2) or an LLM-
based planner (Sec. 5.3).

5.2 Human-in-the-Loop Control via Language
We first consider the setting in which a human operator is-
sues a NL command `t at every control step t and the sys-
tem translates this command into a structured bitvector ac-
tion. Note that commands may be well-formed locomotion
instructions, such as:

• “Trot slowly and turn left.”
• “Switch to walk and stop near the obstacle.”

3This is not the case in the quadruped’s shield that results from
specifications that have a realistic temporal nature.

• “Crouch and move forward carefully.”

However, since the interface is an unrestricted language, the
operator may also provide underspecified, hallucinated or
esoteric inputs such as:

• “Yeah, we are going to a picnic!”
• “Let’s dance like a kangaroo.”
• “Can you reach my goal?”

Such inputs must be mapped deterministically into a valid
action in BVk, ensuring that the downstream shield always
receives a well-typed bitvector.

Translation model (LLM1). We implement a first LLM,
which we call the translation model (LLM1; instantiated in
our experiments with Claude Sonnet 4.5 (Anthropic 2024)),
whose sole responsibility is translation:

LLM1 : NL −→ BVk.

LLM1 uses:

• A precise description of the bitvector layout (fields for
gait, speed, turning, posture, etc.).

• Several few-shot examples mapping NL commands to
concrete bitvectors.

In this way, regardless of linguistic variability, LLM1 (to-
gether with a parser) ensures that every timestep produces a
well-defined at ∈ BVk.

Explanation model (LLM2). We introduce a second
model, the explanation model (LLM2; also instantiated
with Claude Sonnet 4.5), whose role is producing post-hoc
explanation of corrections.4 That is, it implements the func-
tion:

LLM2 : (`t, at, a
′
t, qt, h, S) −→ NL Explanation,

where h is the prefix of the play (including the environment
input at t itself), S is the shield, and qt is the current internal
state of S.

Then, LLM2 is instructed to:

• Explain the correction in human-understandable terms.
• Reference safety constraints explicitly.
• Preserve the user’s intent whenever possible.

For example:

Original command: “Gallop forward quickly.”
Correction: Switched to trot at moderate speed, with
value...
Explanation: The terrain is slippery and galloping at
high speed could cause instability. The system reduced
speed and switched to a more stable gait to ensure
safety, via value...
4Prior work has investigated explanations and representations

for reactive systems and shields in a different sense (Bassan et
al. 2023; Balachander, Filiot, and Raskin 2023; Rodrı́guez et al.
2025b; Brizzio et al. 2026a; Brizzio et al. 2026b). Here we refer
instead to explaining online corrections produced by an already-
realized shield.
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5.3 Autonomous LLM-Based Planning
Planner model (LLM-P). We now replace the human op-
erator with an autonomous NL-based planner, the plan-
ner model (LLM-P; instantiated with Claude Sonnet 4.5 in
our experiments), which produces output `t = LLM-P(h),
where h is again the prefix, but LLM-P also considers its
context, including (but not limited to) the optional mission-
level goals, desired previous executions etc. The purpose of
LLM-P is not to generate bitvectors, but to produce seman-
tically meaningful instructions such as:

• “Climb the slope cautiously.”

• “Increase speed until the obstacle is within two meters.”

• “Switch to a stable gait due to rough terrain.”

Note that, the output of LLM-P is purely linguistic, and
therefore subject to the same translation and correction
mechanisms as in the human-in-the-loop case of Sec. 5.2.

Closed-Loop Explanation Feedback. A key architectural
difference w.r.t Sec. 5.2 is that the output of LLM2 is now
fed back into LLM-P (imagine an arrow from Provider
to the neural network in Fig. 3). Thus, the control loop be-
comes:

LLM-P→ LLM1→ Shield→ LLM2→ LLM-P.

This creates a feedback mechanism in which the planner
gradually adapts to the constraints enforced by the shield,
which is expected to have two practical effects:

• It reduces repeated violations, as LLM-P learns that cer-
tain patterns systematically trigger corrections, without
needing a human-in-the-loop for learning like in RLHF
(Bai et al. 2022)5.

• It improves transparency, interpretability and human
alignment, since both planner decisions and safety over-
rides are expressed in NL.

6 Experimental Evaluation
We evaluate our framework on a simulated quadruped loco-
motion platform with the goal of answering the following
research questions:

• RQ1: Does shielding eliminate safety violations pro-
duced by NL-driven control?

• RQ2: What is the runtime overhead of the shield?

• RQ3: How does the system behave under non-standard
NL inputs like hallucinations or under-specifications?

• RQ4: Does explanation feedback reduce repeated viola-
tions in the LLM-based planner setting?

5Moreover, this might also have an impact on shield overhead,
because we can now embed learning into the testing phase. How-
ever, this direction is out of the scope of this paper.

Figure 4: A 2D view of our simulated environment. Note also
below how we offer several options like speed of simulation or to
go forward or backwards.

6.1 Implementation Details
Simulation Environment. We implemented our frame-
work in a quadruped simulation environment inspired by
SayTap-style locomotion. The environment provides dis-
cretized observations encoded into the bitvector structure
described in Sec. 3.2. Each run consists of 1,000 control
steps (the control loop runs at 50 Hz, so each scenario corre-
sponds to 20 s of simulated time), with randomized pertur-
bations whose statistics are summarized below:

• Terrain transitions. The terrain bitvector field switches
at every step with probability pterr = 0.05 (i.e., on av-
erage ∼50 transitions per scenario), uniformly to one of
{flat, rocky, slippery, soft}.

• Obstacles. An obstacle within sensor range is sampled at
each step with probability pobs = 0.10; obstacle proxim-
ity then evolves with a bounded |∆| ≤ 2 random walk so
successive readings remain physically plausible.

• Slope. The slope is a bounded random walk over
{0, . . . , 15} with |∆| ≤ 2 per step; the walk reflects at
the boundary.

• External disturbances. The disturbance flag is raised at
each step with probability pdist = 0.02 and stays raised
for a uniformly random duration in [1, 5] steps.

The quadruped’s code is fully implemented in Python, and
only imports numpy and visualization libraries, thanks to
which we can view our robot in 3D (like in Fig. 2) or in 2D
(see Fig. 4).

Shield Implementation. The shield is synthesized offline,
given a LTLBV specification and a partition between play-
ers. Our tool is called ShieldBit and it implements
a counter-example guided reactive synthesis modulo theo-
ries approach (Rodrı́guez, Gorostiaga, and Sánchez 2025) in
Python, which uses Z3 (de Moura and Bjørner 2008) and
Strix (Meyer, Sickert, and Luttenberger 2018) as SMT-
solving and reactive synthesis backends respectively. The
resulting Mealy machine is stored in the standard HOA for-
mat (Babiak et al. 2015) that is intended to act as a controller,
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Human-in-the-Loop LLM-P (No Feedback) LLM-P (+Feedback)
Platform LLM-only Shielded LLM-only Shielded LLM-only Shielded
Q1 (Indoor) 84 0 97 0 63 0
Q2 (Research) 102 0 118 0 74 0
Q3 (Heavy-Payload) 136 0 151 0 98 0
Q4 (Rough-Terrain) 173 0 194 0 121 0
Total 495 0 560 0 356 0

Table 1: Total number of safety violations over 120 scenarios per platform (1,000 steps per scenario).

Platform LLM1 Inference Shield Execution Total (Shielded) Physics Simulation Control Budget
Q1 (Indoor) 3.2 0.08 3.28 6.4 20
Q2 (Research) 3.5 0.09 3.59 6.7 20
Q3 (Heavy-Payload) 3.7 0.10 3.80 7.1 20
Q4 (Rough-Terrain) 3.9 0.11 4.01 7.6 20
Average 3.58 0.095 3.68 6.95 20

Table 2: Average runtime per control step (milliseconds). The control budget corresponds to a 50 Hz control frequency (20 ms per cycle).

but instead is used as a shield by realizing its outputs only
when a correction is necessary. At runtime, the shield exe-
cution works as expected:

1. reading incoming signals et and at,

2. performing a transition-table lookup (because of HOA),

3. possibly replacing at with a′t via a Skolem function call.

Platforms. Within the playground, we considered four
simulated quadruped (quad.) variants:

ID Description Use Case
Q1 Lightweight indoor quad. HRI/navigation
Q2 Standard research quad. General-purpose
Q3 Heavy-payload quad. Transport tasks
Q4 Rough-terrain quad. Outdoor exploration

Each platform differs in stability envelope, admissible
gait transitions, and maximum speed.

Baselines. We compare two control architectures:

1. LLM-only: LLM-generated bitvector actions are directly
the actuator’s outputs.

2. Shielded (ours): The synthesized Mealy machine shield
enforcing full temporal LTLBV specifications.

For the autonomous setting, we additionally compare:

• LLM-P without explanation feedback.

• LLM-P with LLM2’s feedback loop enabled.

6.2 LLM Construction and Prompting
As explained in Sec. 5, we use three language models in our
architecture: a translation model (LLM1), an explanation
model (LLM2), and a planner model (LLM-P). For all three
roles we use Claude Sonnet 4.5 (Anthropic 2024) as the un-
derlying instruction-tuned LLM, with role-specific prompts.

Translation model (LLM1). LLM1 is prompted with:

• the bitvector layout specification,

• allowed symbolic values,

• few-shot NL-to-bitvector examples.

A deterministic post-processing layer (again, in Python)
ensures field validity and compiles the structured output into
at ∈ BVk.

Explanation model (LLM2). LLM2 receives the tuple
(`t, at, a

′
t, qt, ht) and produces a NL explanation of the cor-

rection. It is prompted with:

• the triggered safety rule,

• relevant environment features,

• symbolic differences between at and a′t,

• few-shot human-crafted explanation examples.

Planner model (LLM-P). LLM-P is the same base model
adapted via Chain-of-Thought (CoT) (Wei et al. 2022)
prompting on SayTap-style traces and videos. This prompt-
ing strategy encourages structured reasoning from environ-
ment summaries to high-level locomotion instructions, with-
out encoding formal safety rules directly.

Importantly, none of the LLMs have direct access to the
formal LTLBV specification; safety is enforced exclusively
by the shield.

6.3 Results by Research Question
We now discuss our results.

RQ1: Safety Violations. Across all platforms and 120
randomized scenarios per platform, Tab. 1 summarizes the
total number of safety violations.

As expected, the LLM-only architecture produces fre-
quent violations, especially under slippery terrain, steep
slopes, and disturbance events. After observing them (plus
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Platform
Invalid

Bitvectors
Unsafe

(LLM-only)
Unsafe

(Shielded)
Avg. Intervention

Rate (%)
Avg. Speed
(LLM-only)

Avg. Speed
(Shielded)

Instability Events
(LLM-only)

Q1 (Indoor) 0 21 0 6.1 9.8 6.4 17
Q2 (Research) 0 27 0 6.8 10.3 6.9 22
Q3 (Heavy-Payload) 0 34 0 7.4 11.1 7.2 29
Q4 (Rough-Terrain) 0 41 0 7.9 12.6 7.8 36
Total / Avg. 0 123 0 7.05 10.95 7.08 26

Table 3: Performance under esoteric or underspecified natural-language inputs (40 scenarios per platform, 1,000 steps each).

Platform No Feedback +Feedback Absolute Reduction Reduction (%) Avg. Corrections / Episode Avg. Episode Length
Q1 (Indoor) 29 11 18 62% 4.1 10000
Q2 (Research) 37 15 22 59% 4.8 10000
Q3 (Heavy-Payload) 44 19 25 57% 5.3 10000
Q4 (Rough-Terrain) 58 24 34 59% 6.7 10000
Average 42 17 25 59% 5.2 10000

Table 4: Repeated unsafe proposals in autonomous LLM-P setting.

using explanations of LLM-2), we realized that these viola-
tions are primarily due to excessive speed, inappropriate gait
selection, or lack of recovery after instability. In contrast,
the shield eliminates all observed safety violations across all
configurations. This confirms that the LTLBV specification
is effectively enforced at runtime.

An interesting and somewhat unexpected observation is
that violations increase noticeably when switching from
human-in-the-loop control to autonomous LLM-P plan-
ning without feedback. Although LLM-P is fine-tuned on
SayTap-style traces, its goal-directed behavior occasionally
prioritizes task completion over stability, leading to more ag-
gressive commands (similar to reinforcement learning with-
out safety constraints (Achiam et al. 2017)). This high-
lights the importance of formal enforcement, even when us-
ing planning models that are supposed to incorporate safety
constraints a priori. However, although this has not been re-
ported in numbers, it is important to note that the time the
LLM-planner takes is much less than what a human-in-the
loop needs.

Furthermore, enabling explanation feedback seems to re-
duce the number of unsafe proposals at the source (before
shielding), indicating that linguistic adaptation can partially
internalize safety constraints, even though correctness ulti-
mately does not rely on it. This suggests that better methods
for explanation feedback (e.g., showing the complete CoT of
LLM-2 to LLM-P) might have an impact in the amount of
shielded actions, which is always desired either for minimiz-
ing policy disruption or reducing runtime overhead. Indeed,
we now dive deeper in the latter.

RQ2: Runtime Overhead. Tab. 2 reports average per-
step runtime, where, as expected, shield execution time is
negligible compared to LLM inference time (note that LLM
inference time dominates the control loop budget by two or-
ders of magnitude relative to shield execution). The shield
performs only a transition lookup in the HOA and a small
number of bitvector operations, resulting in sub-millisecond
overhead. We acknowledge that this process might be slower
in longer instances, but that would already convey a scala-

bility discussion first.
More interestingly, the runtime remains stable across all

four quadruped variants, despite differences in admissible
gait transitions and stability envelopes. This confirms that
shield complexity depends primarily on the specification
size, rather than on the physical model.

RQ3: Esoteric Inputs. Tab. 3 summarizes behavior under
intentional esoteric commands like “Show us how nervous
you are”.

As expected, LLM1 consistently produces valid bitvec-
tors, even when the input command is unrelated to locomo-
tion. This confirms that structured prompting and determin-
istic post-processing successfully constrain the output space.

However, the LLM-only execution occasionally maps es-
oteric commands to dynamically unstable behaviors. For
example, vague or playful instructions sometimes result in
high-speed or asymmetric gaits. This behavior was not
explicitly trained but emerges unexpectedly often, due to
general-purpose LLM priors.

Also, we want to note that intervention rates under eso-
teric inputs are only marginally higher than under standard
commands. This suggests that LLM1 tends to default to rela-
tively conservative locomotion modes when semantic intent
is unclear, rather than producing extreme actions.

Most importantly, shielded execution maintains full safety
in all cases, demonstrating robustness to linguistic variabil-
ity and potential hallucinations.

RQ4: Explanation Feedback. This question was par-
tially responded in Tab. 1. Instead, Tab. 4 focuses on show-
ing repeated violation counts with and without LLM2 feed-
back in the autonomous setting over longer episodes (x10)
and the usage of random seeds for each execution.

As expected, feeding explanations back into LLM-P re-
duces repeated unsafe proposals. The reduction averages ap-
proximately 59% across platforms, indicating that linguistic
feedback encourages adaptation.

Interestingly, the reduction is consistent across all
quadruped variants, including rough-terrain Q4. This sug-
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gests that the planner adapts to abstract safety concepts (e.g.,
“slippery implies slower”) rather than memorizing platform-
specific behaviors. Note that feedback does not eliminate
unsafe proposals entirely, which indicates that NL expla-
nations (although they might be potentially improved, like
previously commented), while helpful, do not fully substi-
tute for formal constraints. LLM-P remains a probabilistic
model and may occasionally explore boundary behaviors.

Crucially, safety is unaffected by this limitation, since
the shield enforces correctness independently. The feedback
loop therefore improves efficiency and interpretability, with-
out weakening formal guarantees.

In summary, Tables 1–4 demonstrate that reactive synthe-
sis modulo bitvectors provides strong safety guarantees with
negligible runtime overhead, while preserving the flexibil-
ity and expressiveness of language-based control. The com-
bination of formal shielding and language-based planning
yields a system that is both safe and adaptable.

7 Conclusion
We presented a framework for enforcing safety-critical prop-
erties on language-driven robot control using shield syn-
thesis modulo the theory of bitvectors. By interposing a
synthesized shield between an LLM and a quadruped con-
troller, we showed how high-level symbolic commands can
be corrected online to satisfy temporal specifications, even
under adversarial environmental conditions or determination
to achieve complex goals. Our approach operates directly at
the word level, avoiding bit-blasting, and yields a correct-
by-construction controller with negligible runtime overhead
while feeding the system back with NL explanations when-
ever corrections happen.

Beyond demonstrating the practical feasibility of shield
synthesis modulo theories for trustworthy quadruped de-
ployment, this work illustrates how formal methods can be
used to guardrail learning-based systems without restricting
their expressiveness, especially in systems driven by LLMs.

We frame this work as a first step towards deployment:
all reported experiments are done in a simulation, and bridg-
ing to physical hardware will require addressing standard
sim-to-real considerations (discretization mismatch, sensor
noise, contact dynamics) – this is ongoing work, on a
quadruped platform other than SayTap’s, since the latter
is not open source. The framework is also not limited to
quadrupeds: adapting it to bipeds (e.g., on humanoid bench-
marks such as HumanoidBench (Sferrazza et al. 2024)) re-
quires only redefining the contact-pattern, gait, and stability
encodings, while the synthesis pipeline remains unchanged.
Our shield is moreover complementary to symbolic planning
frameworks such as HTNs (Erol, Hendler, and Nau 1994;
Nau et al. 2003): just as it wraps LLM-P, it can wrap any
HTN whose leaf actions are encodable as bitvectors. On
the formal side, we plan to extend the framework to richer
logics, such as richer background theories combining bitvec-
tors with reals or arrays, navigating the well-known trade-off
between expressiveness and synthesis complexity. Finally,
integrating perception-level uncertainty with formal guaran-
tees (Ladner, Shoukry, and Althoff 2026) is a next step.
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Křetı́nský, J.; Müller, D.; Parker, D.; and Strejček, J. 2015.
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