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Abstract— Vision-language-action (VLA) models can follow
natural-language (NL) task instructions, but such instructions
may not precisely specify safety-critical or spatiotemporal
requirements on the resulting behavior. We introduce Logic-
VLA, a formal-requirement-aware VLA that conditions on Sig-
nal Temporal Logic (STL) specifications supplied at inference
time. Logic-VLA uses a syntax-graph-based STL encoder pre-
trained to capture temporal logic semantics. Policy adaptation
proceeds in two stages: STL-conditioned supervised fine-tuning
on satisfying demonstrations is followed by trajectory-level pref-
erence optimization over matched satisfying–violating rollout
pairs using a flow-matching surrogate for Identity Preference
Optimization. This formulation improves formal requirement
satisfaction while preserving the nominal NL task. We evaluate
Logic-VLA in closed-loop quadcopter navigation simulation
across randomized photorealistic environments, including STL
formulas unseen during training, and on a physical mobile robot
under deployment-relevant STL requirements. In simulation,
Logic-VLA improves STL satisfaction over an STL-blind base
policy by 24.8 to 40.7 percentage points (pp) while reducing
nominal NL task success by at most 1.8 pp. On the physical
robot, Logic-VLA satisfies the specified STL formulas in 97.6%
of the retained trials. These results demonstrate that a single
VLA can adapt its behavior to varying formal requirements
without requiring a separate policy for each specification. Our
code will be made publicly available.

I. INTRODUCTION

A longstanding goal in robotics is to develop agents that
flexibly perform diverse tasks in complex environments from
intuitive human instructions. Vision-language-action (VLA)
models [1], [2] have made significant progress toward this
goal by grounding rich visual and language representations
in action generation. Given an observation and a natural-
language instruction, a VLA produces actions for manipula-
tion, navigation, and other embodied tasks. However, a task
instruction alone may not fully specify all desired properties
of the resulting behavior. For instance, a robot may need
to maintain a prescribed clearance from an object, visit
regions in a particular order, complete part of a task within a
deadline, or satisfy one condition until another occurs. Such
safety-critical, spatiotemporal, and reactive requirements can
be difficult to express unambiguously and evaluate precisely
using natural-language alone. Signal Temporal Logic (STL)
[3], [4], broadly applied in robotics [5], provides a formal
language for specifying such trajectory-level requirements to-
gether with robust semantics for evaluating their satisfaction.

This raises a new challenge for VLA models. A
deployment-time formal requirement should not replace the
natural-language (NL) task, nor should each new requirement
require training a separate policy. We seek a single policy
whose behavior can adapt to a formal requirement supplied

at inference time while retaining the NL task-following
capability of a pre-trained VLA. We study requirement-
aware post-training: given a pre-trained VLA, we adapt the
policy to jointly condition on visual observations, the NL
task, and an STL specification. Unlike post-training toward a
fixed preference or reward, the desired formal requirement is
provided as a policy input and may vary across deployments.

To this end, we propose Logic-VLA, a temporal logic-
conditioned VLA together with a general post-training
framework for incorporating formal trajectory requirements
into pre-trained policies. Our instantiation builds on π0.5 [1]
and uses a syntax-graph STL encoder built on TeLoGraF
[6] to map formal specifications into the VLA conditioning
space. We then introduce a two-stage post-training proce-
dure that first imitates STL-satisfying demonstrations and
subsequently applies trajectory-level Identity Preference Op-
timization (IPO) [7] to prefer satisfying executions over the
violating alternatives. At inference time, Logic-VLA jointly
conditions on the visual observation, the NL task, and a
potentially unseen STL specification, allowing a single policy
to adapt its behavior to varying formal requirements without
retraining for each specification. While our implementation
uses π0.5, the post-training procedure can be applied to other
flow-matching VLA policies and provides a general template
for requirement-conditioned VLA adaptation. We summarize
our contributions:

• We introduce Logic-VLA, a π0.5-based temporal logic
conditioned VLA that fuses structured formal require-
ments with multimodal VLA inputs.

• We develop a two-stage requirement-aware post-training
framework combining STL-conditioned supervised fine-
tuning (SFT) with trajectory-level preference optimiza-
tion over matched satisfying–violating executions.

• We evaluate Logic-VLA in closed-loop quadcopter nav-
igation across seen and unseen STL specifications and
demonstrate its deployment on a physical mobile robot.

II. RELATED WORK

Vision-Language-Action Models: Vision-language-
action (VLA) models couple pre-trained vision-language
representations with visuomotor action generation [1],
[8]. These models have demonstrated strong semantic
generalization across manipulation and navigation tasks.
Natural-language, however, primarily describes what
behavior is desired and need not precisely specify how it
should be executed (e.g. route choices or safety margins).
Recent work has therefore investigated safety-aware VLA
training and evaluation [9]–[11]. Control barrier functions



Fig. 1: Overview of Logic-VLA. Logic-VLA augments a pre-trained VLA with a structured logic conditioning pathway
so that the policy jointly follows a natural-language task and a formal temporal logic requirement. The logic encoder is
pre-trained from trajectory-formula pairs using robust semantics supervision (Section IV-B). We integrate the encoder with
a VLA in a post-training procedure (Section IV-C) including 1) supervised fine-tuning using logic satisfying demonstrations
and 2) trajectory-level preference optimization using matched satisfying-violating trajectory pairs.

[12], [13] act as safety filters on VLA outputs. In contrast,
we study formal-requirement-conditioned VLAs, where a
temporal logic specification is provided as an additional
policy input and may vary across deployments.

VLA Post-training: Supervised fine-tuning (SFT) adapts
pre-trained robot policies by imitating demonstrations, but it
does not explicitly distinguish between different-quality ex-
ecutions of the same task. Preference optimization [14], [15]
provides a mechanism for learning from such comparisons.
Direct Preference Optimization (DPO) [16] optimizes a pol-
icy directly from preferred and dispreferred samples relative
to a reference policy, while Identity Preference Optimization
(IPO) [7] provides an alternative pairwise objective designed
to mitigate overfitting associated with preference-model as-
sumptions. Preference-based post-training has been extended
to robot policies [17], [18]. GRAPE [19] performs trajectory-
wise preference optimization for VLA models using stage-
wise costs from vision-language models and demonstrates
alignment toward task completion, safety, and efficiency.
FlowPRO [20] develops preference optimization specifically
for flow-matching VLAs and introduces explicit regulariza-
tion toward the reference policy. Related approaches [10]
use constrained reinforcement learning to align VLAs with
safety objectives. In these methods, the alignment objective is
used to determine the behavior learned during post-training.
Our setting differs in that the desired execution requirement
is itself an input to the policy and may generalize at test
time, similar to [21]. We obtain supervision directly from
temporal logic semantics. Post-training therefore does not
bias the policy toward a single global notion of safety.

Planning and Learning with Signal Temporal Logic
Signal Temporal Logic (STL) [3], [22] provides a language
for specifying spatiotemporal properties of state trajectories
and a robust semantics measuring the degree of satisfac-
tion. STL has been incorporated into optimization-based

planning [23], [24]. Specification-conditioned reinforcement-
learning methods [25] learn policies for temporal logic tasks.
Recent work studies visual planning under logic formu-
las. Vision-based methods [26], [27] address specification-
conditioned trajectory generation, whereas our goal is to
adapt a vision-language policy that repeatedly observes and
acts in closed loop while jointly conditioning on a natural-
language task and an STL requirement. A complementary
family of methods enforces formal requirements during de-
ployment. STL robust semantics can guide generative-policy
sampling through predicted future states [28], and hierar-
chical frameworks can use STL for planning, monitoring,
and replanning [29]. Such approaches perform additional
optimization or reasoning during execution. Time-varying
Control Barrier Functions [30], [31] act as STL-aware safety
filters for planners, but their construction remains in state-
space with difficult recursive feasibility guarantee. We use
STL during post-training as both a policy condition and a
source of trajectory-level supervision, so that requirement-
dependent behavior is represented directly by the learned
VLA policy. Our work connects specification-conditioned
control with VLA post-training: a single policy is adapted to
preserve the NL task while responding to different temporal
and geometric requirements at test time.

III. PRELIMINARY

Consider an off-the-shelf vision-language-action (VLA)
model πθ, parameterized by θ. Given a natural-language
(NL) task l, at each decision time td ∈ N, conditioned on a
visual observation otd , the policy samples a Ka-step action
âd ∼ πθ(· | otd , l). At each control time t ∈ N, an execution
rule selects the applied action ât from the VLA outputs
available up to t. At each time t, a discrete-time system with
state st ∈ Rn evolves under an unknown dynamics f to reach
the next-time state st+1 := f(st, ât, wt) where wt ∈ W
is some exogenous process disturbance from an unknown



distribution. The VLA is invoked iteratively to produce a
trajectory s := (s0, s1, . . . , sH), where H is the termination
time. We say that s is the trajectory rollout from πθ.

Suppose the NL task l specifies that a drone must circle
around a table. A well-trained VLA may perform this nomi-
nal task, yet task completion alone does not guarantee com-
pliance with additional formal requirements. For instance,
the drone may be required to remain at least a prescribed
distance from the table or return to base before a deadline.
Such requirements can be difficult to express and evaluate
precisely using NL alone. We therefore consider deployment-
time formal requirements expressed using Signal Temporal
Logic (STL). Existing VLA models generally do not ac-
count for such requirements during pre-training (i.e., large-
scale training on diverse vision-language-action datasets for
general perception, reasoning, and control capabilities). We
study how to incorporate formal requirements through post-
training (i.e., adapting an already pre-trained policy using
additional requirement-aware objectives) while preserving
the capabilities of the pre-trained policy.

A. Signal Temporal Logic

Signal Temporal Logic (STL) is considered in [3], [4].
Given a discrete-time trajectory s and an STL formula ϕ, we
let (s, τ0) |= ϕ denote that s satisfies ϕ at time τ0. Without
loss of generality, we let s |= ϕ denote (s, 0) |= ϕ (i.e., s
satisfies ϕ). The syntax of an STL formula follows

ϕ := True | πµ | ¬ϕ | ϕ1 ∧ ϕ2 | ϕ1U[a,b]ϕ2

where πµ : Rn → {True, False} is a predicate where
πµ(st) := True if µ(st) ≥ 0 and πµ(st) := False otherwise,
where µ : Rn → R is a user-specified function. Predicates
are atomic elements of an STL and can be used to express
spatial relations (e.g. µ(st) := ∥st − O∥2 − dmin expresses
obstacle avoidance, where O is some obstacle location and
dmin is some clearance margin). The symbols ¬ and ∧ are
Boolean operators denoting negation (not) and conjunction
(and) respectively. The symbol U[a,b] is the temporal operator
until with a ≤ b and a, b ∈ N, which encodes that ϕ1 has to
be true until ϕ2 is true at some future time in [a, b]∩N. From
these operators, we can derive the operators for disjunction
by ϕ1 ∨ ϕ2 := ¬(¬ϕ1 ∧ ¬ϕ2), for implication by ϕ1 =⇒
ϕ2 := ¬ϕ1 ∨ ϕ2, for eventually by F[a,b]ϕ := True U[a,b] ϕ,
and for globally by G[a,b]ϕ := ¬F[a,b]¬ϕ. The semantics of
STL are standard [3]. The robust semantics ρϕ(s, τ0) of STL
are defined in [4], [22], which evaluate how robustly ϕ is
satisfied vs. violated. Importantly, (s, τ0) |= ϕ if ρϕ(s, τ0) >
0 and a larger ρϕ(s, τ0) denotes that the trajectory is more
satisfied [4]. We use ρϕ(s) to denote ρϕ(s, 0). Given s and
τ0, one needs a sufficient termination H := Hϕ to evaluate
satisfaction, whose computation is discussed in [32].
B. Problem Formulation

We study how to post-train a pre-trained VLA for
deployment-time STL requirements while preserving its NL
task-following capability. Given a pre-trained VLA, which
we call the base policy, we target its satisfaction of an STL
requirement at test time. We formalize Problem 3.1.

Problem 3.1: Consider a well-trained1 VLA model πθ
with an NL specification distribution L and environment
distribution E in which the dynamics f operates. Design a
post-train procedure θ̃ = A(θ) such that, at inference time,
πθ̃(· | o, l, ϕ) jointly conditions on the observation o from
environment E , NL task l ∼ L, and STL requirement ϕ, and
produces a trajectory s satisfying both s |= ϕ and l.

Problem 3.1 poses several challenges: 1) Post-training
must avoid largely altering the base policy’s rollout distribu-
tion, which could degrade NL task performance. 2) Learning
requirement-dependent behavior from structured STL formu-
las requires capturing their spatiotemporal semantics, which
may be difficult to acquire reliably through SFT alone. 3)
STL semantics are globally defined over long-horizon trajec-
tories, and the optimization must avoid reducing a trajectory-
level requirement to independent action-chunk preferences.
To provide sufficient demonstrations for our post-training
procedure A, we consider the Assumption 3.2.

Assumption 3.2: We assume access to an in-
domain dataset D := {p(1), . . . , p(ND)}, where
p(i) := (s(i), a(i), l(i), o(i)) with s(i) denoting a trajectory
sample, a(i) denoting the action sequence, l(i) denoting
the corresponding NL specification, and o(i) denoting the
observation sequence leading to s(i).

The purpose of Assumption 3.2 is to provide in-
distribution datasets, from which an offline monitor enables
efficient STL learning during the post-training stage (as we
show in Section IV). Trivially, one can directly sample D
from the dataset used in training the base model or directly
rollout πθ to collect data that are roughly in-distribution. The
STL specification enforced at test-time must not conflict with
the NL specification, in which case Problem 3.1 is infeasible.

Assumption 3.3: In Problem 3.1, the NL specification l is
not in conflict with the STL requirement ϕ.

To address Problem 3.1, we propose Logic-VLA, the
requirement-conditioned policy resulting from our post-
training procedure A. The model augments a pre-trained
VLA with an STL conditioning pathway, while A determines
how its parameters are adapted from θ to θ̃.

IV. LOGIC-VLA

A. Logic-Conditioned Supervision Construction

Given the in-distribution dataset D = {p(i)}|D|
i=1 from As-

sumption 3.2, we construct the STL-conditioned supervision
used for post-training. We generate a bank of candidate STL
specifications and construct satisfying demonstrations and
matched satisfying–violating trajectory pairs which provide
supervision for the two post-training stages in Section IV-C.

a) Candidate formula bank: Let PSTL denote a distri-
bution over well-formed STL formulas under the grammar
introduced in Section III-A. A draw from PSTL specifies both
the syntactic structure of the formula and its predicate and
temporal parameters. We sample a finite candidate formula
bank Φ := {ϕ(1), . . . , ϕ(Nϕ)} where ϕ(j) ∼ PSTL. At infer-
ence, we likewise consider an STL requirement ϕ ∼ PSTL

1The model generates rollouts that reasonably satisfy the NL tasks.



which need not belong to Φ. The goal is therefore to learn
a specification-conditioned policy that generalizes from the
formulas observed during post-training to unseen formulas
drawn from the same specification distribution.

b) Satisfying demonstrations and preference pairs:
Our two-stage post-training procedure requires two comple-
mentary forms of supervision. Stage 1 learns specification-
conditioned behavior by imitating executions that satisfy
the given STL requirement, while Stage 2 requires paired
satisfying and violating executions so that the policy can
learn which behavior should be preferred under the same
task and specification. Accordingly, given the rollout dataset
D and candidate formula bank Φ, we use a monitor [33]
to evaluate each specification on the collected trajectories.
Robust semantics are used to identify executions that clearly
satisfy or violate a specification, and rollouts are matched
only when they share the same nominal NL task and
sufficiently comparable environment and initial conditions.
From the satisfying rollouts, we extract STL-conditioned
action demonstrations D+ = {(ξi,j,τ , a(i)τ )} where ξi,j,τ =

(o
(i)
τ , l(i), ϕ(j)) is the STL-conditioned context where ϕ(j) ∈

Φ is the STL specification satisfied by rollout i and a
(i)
τ is the

demonstrated action chunk extracted at action-window index
τ . For stage 2, we construct the trajectory-level preference
dataset P = {(p+i , p

−
i , li, ϕi)} where p+i and p−i are matched

rollouts of the same nominal task li and are under com-
parable environment and initial conditions, with p+i clearly
satisfying and p−i clearly violating the same STL ϕi.

B. Logic Encoder

One key design component is a logic encoder mapping
an STL specification into the VLA token space for integra-
tion with multimodal sensory representations. Specifically, it
encodes each formula as a graph-structured representation
and is pre-trained using STL robust semantics to capture the
predicate, temporal, and logical structure of the formulas.

a) STL encoder: We adopt the syntax-graph backbone
of TeLoGraF [6]. An STL formula ϕ is represented as
a directed graph Gϕ = (Vϕ, Eϕ), whose nodes encode
Boolean, temporal, and comparison operators, with edges
directed from operands to their parent operators. Node fea-
tures xv encode the operator type and temporal bounds. For
predicates, the features also include the scalar-signal identity
gq and threshold c. A predicate gq(st) ≥ c has µ(st) =
gq(st)− c; for gq(st) ≤ c, µ(st) = c−gq(st). In navigation,
for instance, gq can represent the projection of the ego-
agent position along a coordinate or simply the distance to
an environment asset. Unlike TeLoGraF [6], which encodes
object geometry in the STL graph and conditions trajectory
generation on the initial state, our encoder represents only
the symbolic requirement. States variables needed to evaluate
a predicate, such as ego-agent position or its spatial relation
to an object, may be included in the offline state trajectory
s used to compute STL semantics, but are not explicit
inputs to the VLA during policy post-training or deployment.
Instead, the VLA grounds the symbolic requirement through
its visual observations. Thus, the logic representation remains

independent of the particular scene configuration. We adopt
TeLoGraF [6] for the syntax-graph encoder architecture,
using child-to-parent GCN message passing followed by
mean pooling for a formula-level representation ESTL(ϕ) :=
MeanPool(GCN(Gϕ, Xϕ)), where Xϕ stacks the node fea-
tures {xv}v∈Vϕ

. The encoder representation ESTL(ϕ) is in-
dependent of the observation.

b) STL encoder pre-training: While the graph encoder
preserves the syntactic structure of an STL formula, we
further pre-train ESTL to capture the STL semantics. We
construct a set of trajectory-formula pairs Spre ⊆ D × Φ.
For each pair (p(i), ϕ(j)) ∈ Spre, we compute the robust se-
mantics ρ(i,j) := ρϕ

(j)

(s(i)). We use these pairs to train ESTL
through a robust semantics prediction objective. An auxiliary
trajectory encoder Etraj maps s(i) to a latent representation,
which is combined with ESTL(ϕ

(j)) by an MLP regression
head gψ to make the prediction r̂(i,j). We optimize

Lpre = E(p(i),ϕ(j))∈Spre

[
Hδ

(
r̂(i,j) − tanh

(
ρ(i,j)/c

))]
,

where Hδ is the Huber loss with threshold δ, and c > 0 is
a scale parameter used to normalize the robust semantics.
Predicting the robust semantics encourages the embedding
to encode the predicate thresholds, temporal bounds, and
logical composition that determine how a trajectory satisfies
or violates a formula. After pre-training, we discard Etraj
and gψ . The pretrained ESTL is then jointly fine-tuned
with the policy during post-training. For downstream VLA
conditioning, we project the pre-trained formula representa-
tion into a sequence of Nspec specification tokens, Zϕ :=
reshape(WpESTL(ϕ) + bp) ∈ RNspec×dc , where dc is the
hidden dimension of the VLA conditioning stream, and Wp

and bp are learned parameters. We append Zϕ to the VLM
prefix after the image and NL tokens, where bidirectional
attention allows multi-modal fusion.
C. Architecture and Two-Stage Post-training

We choose π0.5 [1] as the backbone of Logic-VLA but
remark that the post-train recipe can be used for other flow-
matching policies. The latent representation Zϕ is appended
into the vision-language prefix, while the underlying back-
bone architecture is unchanged and initialized with the pre-
trained weights. The full architecture is shown in Figure 1.
Starting from the semantically pre-trained STL encoder, we
adapt the policy in two stages using the datasets curated
in Section IV-A. Stage 1 is an STL-conditioned SFT on
the satisfying demonstrations D+, establishing specification-
conditioned behavior through imitation. Stage 2 performs
trajectory-level preference optimization on the satisfying-
violating pairs P , teaching the policy to prefer executions
that satisfy the given STL requirement over comparable
executions that violate it.

a) Stage 1: STL-conditioned supervised fine-tuning:
For a demonstration (ξ, a) ∈ D+, where ξ = (o, l, ϕ) denotes
the STL-conditioned context, and a is the demonstrated
action chunk, we optimize the standard conditional flow-
matching objective of the π0.5 action expert [1]. Since D+

contains action demonstrations from trajectories satisfying



their associated STL requirements, this stage adapts the
policy to imitate satisfying behavior while conditioning on
the STL formula. The STL encoder and VLA parameters
are jointly fine-tuned, with no additional STL-specific loss.
Let πθSFT denote the resulting policy. We initialize Stage 2
as θ̃ ← θSFT and retain a frozen copy as the reference policy
πref = πθSFT , used for preference learning in the Stage 2.

b) Stage 2: trajectory-level preference optimization:
Stage 2 trains on the matched satisfying-violating rollout
pairs P . For pair i, let p+i and p−i denote the satisfying and
violating rollouts associated with the same NL task li and
STL requirement ϕi. At temporal window τ , let a+i,τ and
a−i,τ denote the action chunks extracted from p+i and p−i
respectively. We evaluate both candidates under the shared
conditioning context ξi,τ := (o+i,τ , li, ϕi), where o+i,τ is the
observation from the satisfying rollout.

We adopt Identity Preference Optimization (IPO) [7],
which learns a finite-margin preference between preferred
and rejected samples relative to a reference policy. For
likelihood-based policies, this margin is expressed via
reference-relative log-policy ratios. However, the π0.5 action
expert is parameterized by conditional flow matching, for
which exact action likelihood ratios are computationally ex-
pensive to evaluate. Following the likelihood-ratio surrogate
of [34], we therefore use differences in conditional flow-
matching losses as a surrogate for the reference-relative
log-policy ratios. Because STL satisfaction is a trajectory-
level property rather than an action-chunk-level property, we
aggregate the policy score across a collection Wi of tem-
poral windows sampled from pair i. Let ℓFM(ν; aτ , ξτ , γ, ϵ)
denote the standard conditional flow-matching loss of policy
parameters ν for action chunk aτ under context ξτ , flow time
γ, and noise ϵ. For ν ∈ {θ̃, θSFT}, define the trajectory-level
flow-matching loss

ℓ̄±ν,i :=
1

|Wi|
∑
τ∈Wi

ℓFM
(
ν; a±i,τ , ξi,τ , γi, ϵi

)
.

The same (γi, ϵi) realization is used across the temporal
windows and both current/reference evaluations of pair i.
Following the flow-matching likelihood surrogate, we define
the reference-relative trajectory scores q±i = ℓ̄±θSFT,i

− ℓ̄±
θ̃,i

.
The corresponding preference margin is ∆i = β

(
q+i − q−i

)
,

where β > 0 controls the scale of the preference margin.
We optimize this margin toward a finite target using a finite-
margin objective. A relative preference objective can increase
the satisfying–violating margin even if the current policy
becomes worse at fitting the satisfying rollout, provided
that the violating rollout degrades more. To prevent this,
we introduce a one-sided preferred-rollout anchor Ai =[
ℓ̄+
θ̃,i
− sg

(
ℓ̄+θref ,i

)]
+

, where sg(·) denotes stop-gradient.
The anchor is active only when the current policy incurs
a larger flow-matching loss on the satisfying rollout than
the frozen Stage-1 reference policy. The complete Stage 2
objective is Lpref := Ei [ℓIPO,i + λAi], where λ ≥ 0 controls
the strength of the preferred-rollout anchor. The preference
term learns the STL-dependent ordering between satisfying

Fig. 2: Simulation navigation tasks. One example trajectory
for each drone task: (1) packing table, (2) wet floor sign, (3)
G1 humanoid, (4) forklift, (5) fly through the corridor to the
orange barrel, and (6) cardboard boxes.

and violating executions, while the anchor preserves the
satisfying behavior acquired during Stage 1.

V. EVALUATION

Our evaluations consist of photorealistic simulations of
a quadcopter closed-loop planning benchmark and physical
mobile robot navigation experiments.

A. Quadcopter Simulation

We organize our empirical evaluation in the quadcopter
study around three research questions. 1) Q1: Require-
ment satisfaction and task preservation. Can Logic-VLA
improve satisfaction of STL requirements while preserving
the nominal NL task compared to pure STL-conditioned
imitation or robust semantics driven optimization? 2) Q2:
Specification generalization. Does the learned policy gen-
eralize to STL formulas unseen during post-training? 3) Q3:
Ablative design choices. What is the effect of pre-training
the STL encoder and choosing syntax-graph STL encoding
vs. prompting via the NL channel?

Environment and tasks: We instantiate and evaluate
Logic-VLA in a closed-loop quadcopter navigation setting
using NVIDIA Isaac Sim 5.1. We consider ten random-
ized photorealistic warehouse environments and six natural-
language navigation tasks (shown in Figure 2) centered
on reaching ordered target regions. We collect |D| =
3000 collision-free dynamically feasible reference trajec-
tories spanning these environment–task combinations. We
execute these trajectories with a DJI Mavic 2 Pro model
in simulation and record the corresponding actions (absolute
drone position) together with synchronized visual observa-
tions from both an egocentric onboard camera and a third-
person room-view camera, which are provided to the policy
as visual inputs in the navigation demonstrations. Our control
procedure is via position update through Isaac Sim API
calls, tracking the predicted positions. Starting from a pre-
trained π0.5 base checkpoint, we fine-tune the policy on
the collected demonstrations D without STL conditioning.
The resulting STL-blind navigation policy serves as the
common initialization for all post-training baselines. We



TABLE I. Quadcopter Study Evaluation Results. Results for Seen, Unseen Parameter, and Unseen Structure.

Seen Unseen Parameter Unseen Structure
Method STL Sat. ↑ ρ Mean ↑ ρmin ↑ NL Task ↑ STL Sat. ↑ ρ Mean ↑ ρmin ↑ NL Task ↑ STL Sat. ↑ ρ Mean ↑ ρmin ↑ NL Task ↑
Base 41.3 −0.35±1.33 -9.11 90.5 50.0 −0.03±1.26 -5.80 93.9 56.8 0.07±1.51 -6.98 89.3
STL-SFT 61.7 0.49±1.57 -5.09 87.2 59.5 0.34±1.52 -5.05 91.2 64.5 0.71±1.86 -4.64 85.2
Smooth Robust Semantics (1×) 76.2 1.62±2.92 -5.72 68.5 71.1 1.24±2.51 -4.94 75.9 77.5 2.18±3.26 -4.92 68.6
Smooth Robust Semantics (2×) 78.8 2.33±3.80 -5.79 45.0 72.1 1.81±3.19 -7.31 47.4 81.8 3.34±4.24 -3.82 42.0
Logic-VLA 82.0 0.81±1.33 -1.62 89.0 74.8 0.89±1.64 -3.79 92.2 82.0 1.24±1.71 -2.46 87.5

adapt the 2B vision–language backbone and 300M action
expert using LoRA with ranks 16 and 32 (α = 16 and 32),
respectively, while fully fine-tuning the vision encoder and
action input/output projections throughout the baselines and
training procedures. During evaluation, the policy executes
40 actions before re-querying the policy from the latest
observation in closed loop at a control frequency of 10 Hz.

Evaluation procedure: Consider an initial state distri-
bution X . A templated STL generation procedure uses a
predefined distribution PSTL, from which we sample the
formula bank Φ. We instantiate PSTL from 90 structural
templates obtained by enumerating temporal compositions
{F,G, FG,GF, FGF,GFG} and Boolean combinations
using ∧ and ∨. For each structure, STL formulas are
generated by sampling its predicate (within the family of
x, y, z ▷◁ c) and temporal parameters, where st := (xt, yt, zt)
denotes the drone position. Each temporal interval uses
integer endpoints 0 ≤ a < b ≤ 16 seconds. Predicates select
an axis, a comparison in {≤,≥}, and an integer threshold
within the observed coordinate bounds (x: [−7, 8]m; y:
[−10, 16]m; z: [0, 4.6]m). We define a formula-group as a
set of trajectory–formula pairs sharing the same NL task,
environment, and STL formula, with trajectory initial states
lying in a local neighborhood within the support of X . We
use these groups to construct the supervision described in
Section IV-A: satisfying trajectories contribute to D+, while
matched satisfying-violating trajectory pairs contribute to
P . This grouping controls task- and environment-induced
variation while preserving execution-level diversity.

After filtering and grouping, we obtain 1604 formula-
groups generated from 1360 distinct formulas spanning 87
STL structures for training and 3 for unseen structure test.
Note that formulas uniformly satisfied or violated are filtered
out to remove trivial and infeasible objectives. These groups
provide 8886 satisfying trajectory–formula instances, from
which we construct the dataset D+. Among these instances,
6754 admit at least one matched violating counterexample,
producing 13494 preference-pair instances in P for Stage 2.
Using datasets D+ and P , we apply the procedure in Section
IV-B and IV-C to obtain policy πθ̃. We evaluate πθ̃ and
baselines under three test settings. Each evaluation entry
specifies an NL task l, an STL formula ϕ, and a task
environment. For each entry, we sample 10 initial states
s0 ∼ X from the corresponding initial-state distribution
and execute one closed-loop rollout from each state. In the
first test setting, we evaluate over the STL formulas seen
during post-training: Seen contains 60 evaluation entries
sampled from the formula-groups used for post-training.
In the second setting, we test the ability of our policy
in generalizing to unseen parameters under STL structures

used for post-training and STL encoder pre-training: Unseen
Parameter contains 99 evaluation entries, covering all 87
STL structures observed during post-training but with newly
sampled predicate and temporal parameters held out from
training. In the last setting, we evaluate over STL structures
unseen during post-training: Unseen Structure contains 56
evaluation entries covering 49 STL formulas instantiated
from 3 structural templates held out from both post-training
and STL encoder pre-training.

Metrics: For each evaluation entry, we execute 10 closed-
loop rollouts. Our primary requirement metric is the STL
satisfaction rate, defined as the fraction of rollouts satisfying
the provided specification2, i.e., ρϕ(s) ≥ 0. We additionally
report the mean STL robust semantics and its standard
deviation, as well as the minimum robust semantics ρmin

across all evaluated rollouts, to characterize both average and
worst-case requirement satisfaction. To measure preservation
of the nominal natural-language task, we report NL task
success, where a rollout is successful if it reaches all target
regions in the prescribed order.

Baselines: All STL-conditioned baselines are initialized
from the same STL-blind policy. Their STL graph encoders
are initialized from the same pre-trained checkpoint; be-
cause the VLM conditioning stream has a different hidden
width from encoder pre-training, the token projection is
freshly initialized and trained during policy post-training. a)
Base is the task-adapted STL-blind π0.5 policy and serves
as the initialization for all STL-aware methods. b) STL-
SFT fine-tunes the base policy on the satisfying demon-
strations D+ using only the standard conditional flow-
matching imitation objective described in Sec. IV-C. It
tests whether specification-conditioned imitation alone is
sufficient to induce requirement-aware behavior. c) Smooth
Robust Semantics uses the same initialization and D+ as
STL-SFT, but augments the flow-matching objective with
direct maximization of differentiable STL robust semantics,
where Lsmooth = LFM + λρLρ with Lρ = −E [ρ̃(ŝ, ϕ)].
Here, ρ̃ denotes the differentiable smooth robust semantics
[24] evaluated on the reconstructed trajectory ŝ. We evaluate
a nominal robust semantics loss weight λρ (1×) and a dou-
bled weight (2×); the two variants are otherwise identical.
d) Logic-VLA uses STL-SFT as its first stage and subse-
quently performs trajectory-level preference optimization on
the matched satisfying-violating pairs P . Stage 2 optimizes
the reference-relative IPO margin together with the preferred-
trajectory anchor described in Sec. IV-C.

Requirement Satisfaction and Generalization: The re-
sults are shown in Table I, addressing Q1 and Q2. Notice-

2We adopt the convention that zero robust semantics constitutes satisfac-
tion; this differs from the strict positive semantics only when ρϕ(s) = 0.



Fig. 3: Real-robot navigation routes. Routes R1, R2, R3,
and R4 correspond to requirements 1, 2, 3, and 4 in Table IV,
respectively. The cabinet is behind the goal line.

TABLE II. Ablation Results. a) Encoder pre-training (SFT). STL/Task
success (%). b) STL representation (SFT + IPO). STL/Task success (%).

Split Random Pre-trained Text prompt Encoder
Seen 46.7 / 84.5 61.7 / 87.2 66.5 / 88.5 82.0 / 89.0
Unseen Param. 52.9 / 89.5 59.5 / 91.2 70.1 / 89.7 74.8 / 92.2
Unseen Struct. 56.6 / 83.9 64.5 / 85.2 81.4 / 85.5 82.0 / 87.5

ably, conditioning the policy on STL through SFT already
provides a substantial improvement over the STL-blind base
policy for all three settings. Direct smooth robust semantics
optimization further increases requirement satisfaction, but
produces a pronounced trade-off with the nominal NL task.
Raising λρ from 1× to 2× increases seen-specification sat-
isfaction from 76.2% to 78.8%, while task success decreases
from 68.5% to 45.0%. The same pattern appears on unseen
formulas. This tradeoff is expected: Compared to preference
optimization, directly maximizing robust semantics alters the
policy behavior beyond what is necessary to satisfy the STL
requirements. In all three settings, Logic-VLA achieves the
highest observed STL satisfaction while retaining nominal-
task success at a level comparable to the base and STL-SFT
policies, demonstrating that satisfying-violating sample pairs
provide supervision about which executions are favored with
information unavailable to positive-only imitation. Across
all three settings, Logic-VLA improves satisfaction over the
STL-blind base policy by 24.8 to 40.7 percentage points
(pp), while the corresponding reduction in task success is
at most 1.8 pp. The generalization results show that Logic-
VLA responds to the formal structure and parameters of the
requirement rather than only memorizing the specifications
observed during post-training.

Ablation Studies: To address Q3, we ablate two design
choices: semantic initialization of the STL encoder and struc-
tured syntax-graph encoding versus direct textual prompting.
Table II reports results on Seen, Unseen Parameter, and

Unseen Structure. a) Effect of STL encoder pre-training:
Under otherwise matched STL-SFT settings, we compare
randomly initialized STL encoders with encoders initialized
through robust semantics pre-training (Section IV-B). All
encoder parameters remain trainable during policy fine-
tuning. Semantic pre-training increases STL satisfaction from
46.7% to 61.7% on seen specifications, from 52.9% to 59.5%
on unseen parameters, and from 56.6% to 64.5% on unseen
structures. NL task success also improves across all three
settings. These results support robust semantics pre-training
as a useful initialization for requirement-conditioned policy
learning, including generalization to held-out STL structures.
b) Structured STL encoding vs. prompting: We compare the
structured syntax-graph encoder with a baseline that appends
a textual rendering of the STL formula to the natural-
language instruction. Both methods use the same two-stage
post-training procedure. Structured encoding increases STL
satisfaction from 66.5% to 82.0% on seen specifications and
from 70.1% to 74.8% on unseen parameters. The gain is
smaller on unseen structures, where satisfaction increases
from 81.4% to 82.0%, while NL task success increases
from 85.5% to 87.5%. Overall, structured encoding improves
satisfaction and task success across the three settings, with
its largest satisfaction advantage on seen specifications.

B. Mobile Robot Navigation

To assess physical deployment, we evaluate Logic-VLA
on a Toyota Human Support Robot (HSR) navigating to
the cabinets under spatial and temporal requirements. We
collect 120 teleoperated demonstrations of the same natural
language instruction, “Navigate to the cabinets,” covering
all four combinations of passing left or right of a table
and a box, with varied travel speeds. The policy is trained
on these demonstrations with an 11-formula STL bank and
evaluated on the same bank. Figure 3 visualizes route fam-
ilies. Each predicate, such as at table left, holds when the
robot’s measured planar position lies within the correspond-
ing bounding box in Table III. The formulas in Table IV
impose timed region visits and cabinet-arrival deadlines. All
temporal bounds are measured in seconds from episode start.
We use s in the temporal bounds to denote seconds. For
example, formula 10 requires visiting the table-left region
between 3 and 17 s and reaching the cabinets within 22 s.
The policy predicts chunks of 30 waypoints, which a low-
level proportional controller tracks at 10 Hz. Inference is
asynchronous: the next chunk is requested 0.5 s before the
current chunk is scheduled to end, allowing inference to
overlap with execution. STL satisfaction is evaluated on the
measured position trajectory. We evaluate 15 retained trials
per formula after excluding collision-triggered emergency-
stop trials. Logic-VLA achieves STL satisfaction in 161/165
trials (97.6%). All four violations are temporal and occur
in formulas 5, 10, and 11, each of which includes the 22 s
cabinet-arrival deadline. These three formulas achieve 41/45
satisfaction (91.1%), while the other eight achieve 120/120.
End-to-end inference and execution latency may contribute to
these timing violations despite asynchronous chunk updates.



TABLE III. Named predicates and their bounding boxes.

Predicate x interval (m) y interval (m)

at table left [−2.20,−0.92] [0.00, 0.50]

at table right [−0.92, 0.00] [0.00, 0.50]

at box left [−2.60,−1.56] [2.00, 2.50]

at box right [−1.56,−0.10] [2.00, 2.50]

at cabinets [−2.20,−0.20] [3.50, 4.30]

A predicate is true during training data selection when the robot’s measured
position (xt, yt) lies inside its listed rectangle. Coordinates are in the world
frame, with all boundaries included.

TABLE IV. STL satisfaction on the physical robot.

ID STL requirement Satisfied

1 F[3s,17s](at table right) ∧ F[10s,36s](at box right) 15/15
2 F[3s,17s](at table right) ∧ F[10s,36s](at box left) 15/15
3 F[3s,17s](at table left) ∧ F[10s,36s](at box right) 15/15
4 F[3s,17s](at table left) ∧ F[10s,36s](at box left) 15/15
5 F[0s,22s](at cabinets) 14/15
6 F[3s,17s](at table left) 15/15
7 F[3s,17s](at table right) 15/15
8 F[10s,36s](at box left) 15/15
9 F[10s,36s](at box right) 15/15

10 F[3s,17s](at table left) ∧ F[0s,22s](at cabinets) 13/15
11 F[10s,22s](at box right) ∧ F[0s,22s](at cabinets) 14/15

Overall 161/165
Predicate bounds are given in Table III. The table and box are randomly
placed in distribution during evaluation. Positional satisfactions are mea-
sured from observing left vs. right of each asset. Overall satisfaction is
97.6%.

Among retained trials, Logic-VLA achieves high satisfaction
across the tested STL requirements, demonstrating the fea-
sibility of STL-conditioned navigation on a physical robot.

VI. CONCLUSION

We propose Logic-VLA, a temporal logic conditioned
VLA. Logic-VLA combines a semantically pre-trained
syntax-graph encoder with two-stage post-training using
satisfying demonstrations and matched satisfying-violating
trajectory pairs. In closed-loop quadcopter navigation, it
substantially improves STL satisfaction while minimally
reducing NL task success compared to an STL-blind base
policy. The results show that formal logic can serve as
effective conditioning signals for adapting a single VLA
to varying requirements, including safety-critical and spa-
tiotemporal specifications.
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