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I. INTRODUCTION

Foundation models and world models are turning perception,
language understanding, and planning into reusable
capabilities, enabling many robot form factors to operate
across diverse environments with unprecedented flexibility
[11]. Yet deploying these models safely remains an open
problem. Safety-critical autonomy requires strict behavioral
constraints, such as collision avoidance, geofencing,
sequencing rules, and temporal deadlines that must be
satisfied even under distribution shift [16]. Today’s data-
driven policies can produce capable actions, but they lack
explicit notions of correctness: they provide no guarantees
of constraint satisfaction, and their failures are difficult to
diagnose and systematically repair. In open-world settings,
this gap is a core barrier to trustworthy deployment [8].

Formal methods provide the missing layer for safety-critical
autonomy: a mathematically grounded way to specify what
a robot must do (and must never do), and to reason about
those requirements with guarantees. My research takes lessons
from reliable software engineering lifecycle and applies them
to learning-enabled robots, where temporal logic [17] spec-
ifications such as signal temporal logic (STL) [15] ensure
“correctness” at three stages for general aviation, mobile ma-
nipulation, and navigation regimes. My first thrust focuses on
making fundamental advances in imitation learning, robotics
transformers and temporal logic specification decomposition
so trajectories are constructed to satisfy requirements by
construction [19, 20, 2]. My second thrust focuses on analysis
where specifications provide a rigorous lens for iterative im-
provement: they enable systematic falsification for analyzing
policies under distribution shift, classifying generated fail-
ures into actionable diagnoses via a novel counterexample
classification mechanism, and automated repair mechanisms

for both specifications and policies [21, 24, 4] . Finally,
in enforcement, specifications serve as the last line of de-
fense when reality departs from assumptions: runtime guards
monitor execution under uncertainty and distribution shift
and trigger intervention (e.g., constraining action generation
using constrained decoding or invoking safety filters) before
the system enters states where violation becomes inevitable
[3, 23, 1]. To enable all three thrusts, I also developed a
scalable differentiable robustness engine using computational
graphs [22], which makes specifications usable inside modern
learning and evaluation loops. Overall, my research leverages
formal methods to ensure learning-driven autonomy satisfies
strict behavioral requirements, enabling generalist models to
be deployed in domains where mistakes are unacceptable.

II. PAST AND CURRENT WORK

A. Synthesis: correct-by-construction behavior design

The most reliable path to safe autonomy is to enforce
correctness at design time: instead of checking specifications
after the fact, I use temporal-logic semantics to directly
synthesize behaviors that satisfy the requirements. However,
classical temporal logic is not a drop-in tool for modern data-
driven policies that can guide imitation, scale to long hori-
zons, or integrate with transformer-based trajectory generation
[16]. My synthesis work develops the missing machinery to
make temporal logic usable in modern pipelines. First, we
enhance learning-from-demonstration [18] policies with rule
compliance by introducing an online tree search algorithm
that uses demonstrations to propose likely actions while using
temporal-logic robustness to certify rule satisfaction. Instead
of treating LfD as pure imitation, the search treats the demon-
stration as a prior over the action space and then performs
lookahead to select actions that remain on a satisfying con-
tinuation of the specification [19]. This creates a principled
bridge between data-driven imitation and formal constraints.
To make this approach scale to long-horizon specifications
with deep temporal nesting, I develop a sound incremental
decomposition technique that breaks complex STL specifi-
cations into tractable subproblems whose solutions compose,
avoiding combinatorial blowups [13] while preserving end-to-
end correctness guarantees [20]. Finally, to make correct-by-
construction compatible with foundation-model policy stacks,
I integrated logical specifications into robotics transformers
[7] by encoding the STL formula into spec tokens and us-
ing cross-attention to condition perception–action trajectory
generation on those tokens at each decoding step, so the
specification shapes the model’s trajectory distribution directly



[2]. Together, these contributions combine modern data driven
policies with temporal logic specifications.

B. Analysis: specification repair, falsification, and counterex-
ample understanding

Specifications are only useful in practice if they support
an engineering loop: not just detecting that something went
wrong, but explaining why it went wrong and what to change
to prevent it from happening again. My analysis thrust closes
this loop by developing techniques for specification repair,
robustness analysis, and counterexample classification for
learning-enabled controllers. First, I develop constrained spec-
ification learning and repair algorithms that recover temporal
operators, ordering, and time bounds from positive/negative
traces while enforcing syntactical constraints (e.g., bounded
formula templates, restricted operator sets) to keep the learned
specifications interpretable [24]. This makes specifications
dynamic artifacts evolving with data and models rather than
assumptions frozen at the start of the pipeline. Second, I use
falsification [5] and tolerance analysis to systematically probe
reinforcement learning policies under deviations in actuation,
dynamics, and sensing, producing safe operating regimes
before deployment [21]. Finally, I develop counterexample-
driven tools that turn raw violating trajectories into inter-
pretable failure modes by classifying counterexamples into
parametric STL classes, enabling targeted interventions guided
by which part of the specification failed and how [4]. Together,
these methods constitute a scalable workflow that makes
controller improvement systematic rather than ad hoc.

C. Enforcement: runtime safety layers

Even when behavior is designed with specifications in
mind, real deployments introduce distribution shift, percep-
tion errors, and modelling mismatches that can break the
assumptions under which synthesis succeeds. My enforcement
thrust therefore builds runtime enforcers from specifications
that monitor execution and intervene only when necessary
to prevent violations. In the setting of the vision language
action models [12], I adapted the constrained decoding [10]
idea from large language models to robot action generation: at
each autoregressive step, we treat the policy’s next-action dis-
tribution like a token distribution, run a lightweight lookahead
check under dynamics and reachability assumptions, and mask
candidate actions whose continuations are provably headed
toward an STL violation. The model then decodes from the
remaining safe action set at inference-time for arbitary STL
specifications. Complementarily, we put enforcement in the
loop with real visual data: we wrap a vision-driven pipeline
with a Control Barrier Function [6] based safety filter that
takes perception-derived obstacle/state estimates and solves a
constrained QP at runtime to minimally adjust the nominal
command while maintaining forward invariance of the safe
set. Crucially, we evaluate this system in the wild on high
speed drones with real sensor streams, lighting variation, false
detections, and actuation delays showing reliable visual detect
and avoid capabilities on the edge with compute constraints.

Together, these efforts position enforcement as the last line
of defense in a software-engineering lifecycle for autonomy.

D. Scalable differentiable robustness as an enabling tool

A central bottleneck in specification-centric robotics is
robustness throughput: most existing differentiable STL
toolchains (e.g., STLCG’s recurrent formulation [14]) evaluate
temporal operators via recurrence, which are hard to evaluate
over batches and become the rate-limiting step inside learning
loops. We propose a novel technique that replaces the recurrent
evaluation with a masking formulation that turns temporal
operators into batched, GPU-friendly operations, making ro-
bustness (and its gradients) practical at modern scale [22].
Critically, our tool enables capabilities that were previously
impractical in common toolchains: (i) large-batch robustness
evaluation over long horizons, (ii) end-to-end gradient-based
optimization through STL objectives, and (iii) learning timing
parameters via gradients, expanding the expressivity and
learnability of temporal specifications. This tooling supports
all three thrusts.

III. RESEARCH AGENDA

Classical specification mechanisms assume hand-designed
predicates over clean state estimates, but modern autonomy
increasingly runs on learned representations. My proposed
work expands specifications and their usage in two ways: (i)
representation-grounded specifications that can be monitored
directly from perceptual streams, and (ii) specification-driven
stress testing that systematically exposes world model failure
modes and turns them into actionable training and evaluation
artifacts.

First, I will develop novel logical languages to make specifi-
cations perceptual rather than state-dependent. This logic will
treat learned embeddings as first-class objects in the logic,
defining atomic propositions over distances and relations in
representation space. The goal is a monitor that consumes
images and returns a robustness-like margin with calibrated
uncertainty, enabling intervention under distribution shift. Cru-
cially, this logic can be used to synthesize, analyze, and
enforce task specifications with open ended alphabets.

Second, I will use these logical specifications as a test
oracle for world models [9]. Because they define predicates
over learned perceptual representations, they capture context-
dependent safety and can be evaluated both on real sensor
streams and on world-model rollouts in embedding space. The
core idea is guided falsification: search for prompts/actions
where the world model predicts satisfaction but execution
yields a violation, pinpointing where the model fails to pre-
serve the semantic and temporal structure that matters for
safe autonomy. The resulting counterexamples become both
targeted training data and a reusable evaluation suite for
measuring whether world models reliably simulate safety-
critical failure modes.
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