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Fig. 1. a) Planning under incrementally improving perception: accounting partial symbolic information for effective decision-making [1–3], b)-c) formal
control synthesis with relaxed satisfaction of complex goals over large environments and large robot teams [4–6], d) Learning task-level abstractions from
demonstrations to enable long-horizon reasoning for complex manipulation tasks.

I. INTRODUCTION

Achieving reliable real-world autonomy requires robots to
reason not only from raw sensory inputs and low-level control,
but also over structured abstractions that connect perception,
symbolic reasoning, and task specifications [7, 8]. These
abstractions enable tractable long-horizon decision-making by
capturing task-relevant semantics beyond raw observations.
While learning-based approaches have demonstrated impres-
sive progress from scene interpretation [9–11] to behavior
cloning [12–15], these opaque approaches often struggle
to generalize reliably or provide formal safety guarantees.
Conversely, formal methods including temporal logic plan-
ning [16–18], reachability analysis, barrier certificates, verifi-
cation, monitoring, and emerging neuro-symbolic approaches
[19–21] offer mathematically grounded guarantees and have
shown promise across domains from robotic manipulation to
autonomous driving and healthcare. However, their effective-
ness ultimately depends on the availability of suitable symbolic
abstractions.

Existing research has explored this challenge from multiple
directions. In perception-aware planning [22, 23], most ap-
proaches adopt a modular and sequential pipeline, typically
treating symbolic knowledge as binary (either unavailable or
fully known) rather than incrementally evolving as new obser-
vations arrive [24–28]. This limits their ability to utilize partial
semantic information during execution, which is essential for
real-time, safe decision-making. In formal control synthesis,
automata-theoretic methods [29] provide expressive tools for
specifying complex tasks, whereas sampling-based [16, 30, 31]
and optimization-based [32, 17] control synthesis methods

offer scalable solutions. Complementarily, work on learning
task-level abstractions, such as Planning Domain Definition
Language (PDDL) models [33] for automated planning and
task-and-motion planning, has aimed to reduce manual mod-
eling effort, but has largely relied on curated datasets and
domain-specific structures. More recently, foundation models
have opened new opportunities for generating symbolic ab-
stractions using broad commonsense knowledge [34–36], yet
integrating such learned representations with formal guaran-
tees remains an open problem.

The aforementioned works implicitly rely on three key
assumptions: (1) semantic knowledge of the environment is
either complete or absent, rather than partial and evolving; (2)
task specifications are fully feasible; and (3) symbolic task
models are largely hand-crafted or fixed once constructed.
Relaxing these assumptions is essential for enabling robots
to operate reliably in dynamic, uncertain real-world settings.

My research addresses this gap through a unifying ques-
tion: How can robots construct and refine abstractions that
link imperfect perception, learned task models, and complex,
potentially infeasible goals while preserving provable guaran-
tees? I approach this through abstraction-centric autonomy:
rather than relying on static, hand-engineered symbolic mod-
els, robots should continuously build and update structured
representations from perception and experience. I pursue this
vision along two complementary directions. First, I develop
perception-aware formal planning methods that explicitly ac-
count for evolving symbolic knowledge, enabling correct-by-
construction decision-making under partial information and
possible infeasibility. Second, leveraging the recent advances



in foundation models, I study how robots can automatically
acquire symbolic planning models from demonstrations using
visual-language information, reducing manual modeling effort
while supporting scalable long-horizon reasoning. Together,
these directions aim to close the loop between perception,
abstraction, and formal decision-making.

This work sits at the intersection of formal methods, robot
learning, and perception-aware planning. Whereas traditional
approaches treat perception, model construction, and planning
as loosely coupled stages with fixed symbolic representations,
my research emphasizes adaptive abstractions that evolve with
sensing, motion, and experience. By explicitly addressing par-
tial knowledge, infeasible specifications, and learned symbolic
structure, this work advances more robust, scalable, and in-
terpretable planning frameworks, extending formal guarantees
toward realistic deployment settings.

II. RESEARCH CONTRIBUTIONS

Decision-making with imperfect symbolic perception At
the core of this research thrust are the questions: 1) How to
ensure that robots make correct decisions in a timely man-
ner? 2) Under imperfect perception, how can any potentially
relevant information be effectively utilized for safe planning?
We model symbolic perception as progressively refining as
the robot interacts with its environment, and introduce an
incremental-resolution symbolic perception tree [1] - a princi-
pled abstraction that captures how environmental symbols and
tracking accuracy improve over time. By integrating this per-
ception hierarchy with motion control and assume–guarantee
contracts, we formulate a Generalized Reactivity-1 (GR(1))
game that synthesizes provably correct reactive policies while
explicitly accounting for partial symbolic information. This
framework makes the evolution of the robot’s knowledge
explicit in the planning process, improving transparency and
enabling formally grounded decision-making under realistic
sensing conditions.

Building on this abstraction and moving beyond reactive
planning, we extend the approach to resource-constrained
exploration, where partial semantic knowledge actively guides
information-gathering behavior [2]. We formulate this setting
as an optimal-flow problem and develop a Mixed-Integer
Linear Programming (MILP) method that synthesizes control
policies online as the robot’s understanding of the environment
improves, enabling efficient task completion even without
prior target information. Complementing these results, we
further introduce a risk-aware planning framework [3] that
quantifies the impact of perceptual uncertainty on decision-
making, allowing robots to balance task progress against the
likelihood and consequences of misperception. Together, these
contributions establish a unified approach for incorporating
evolving symbolic perception directly into formal planning and
control, advancing both the reliability and practical deploya-
bility of autonomous robotic systems.
Optimal planning for infeasible missions Even under perfect
perception, often, the complex missions assigned to robots
may have some infeasible sub-requirements that may render
control synthesis infeasible. To achieve meaningful satisfaction

of tasks rather than simply giving up in such scenarios, it
is essential to incorporate user preferences for task relax-
ations into the formal planning framework. Starting with a
purely automata-based approach, our work in [4] incorporates
user preferences into formal control synthesis framework and
unifies several notions of relaxation existing in the literature
e.g., minimum violation [37–40], deadline relaxation [41],
etc. While this approach is highly expressive, it becomes
computationally intractable for large robot teams and large
environments. To alleviate this, we propose a novel, scalable
flow-based MILP formulation to plan for homogeneous multi-
robot teams [5]. Notably, our formulation is agnostic to team
size. This approach brings together the strengths of expres-
sivity and computational efficiency of automata and MILP-
based synthesis, respectively, while avoiding their shortcom-
ings of limited scalability and lack of explicit indication of
progress. To further support planning in large environments,
we introduce an A∗-based method for planning with relaxation
that employs a novel specification-driven heuristic to guide
the search. This substantially accelerates synthesis, enabling
control plans for complex specifications to be generated within
seconds for large city-scale graphs containing 106 edges,
outperforming baselines by over 3x.

III. ONGOING AND FUTURE DIRECTIONS

Ongoing: VLM-guided Abstraction generation. My current
research focuses on autonomously generating formal task rep-
resentations, such as PDDL-type descriptions, to enable long-
horizon manipulation from demonstrations. Manually compos-
ing PDDL for complex tasks is error-prone and impractical for
large domains. We leverage vision-language models to gener-
ate both PDDL domain and problem files, validated through
VLM tool-use abilities. This approach produces structured
PDDL representations that support feasible plan generation
with classical planners, bridging the gap from raw demonstra-
tions to actionable abstractions for principled decision-making.
Future Direction 1: Adaptive Perception Abstractions for
Resource-constrained Planning. Real-world robots cannot
afford to build complete semantic maps before acting. This
direction develops representations that dynamically adjust their
granularity based on mission objectives, task complexity, and
resource constraints. Extending my prior work on incremental-
resolution symbolic perception [1, 2] with foundation models’
semantic understanding, these adaptive abstractions will en-
able informed, real-time decision-making in large, open-world
environments without exhaustive pre-mapping.
Future Direction 2: Robust Long-horizon Planning via
Skill Hierarchies and Failure Recovery. Long-horizon tasks
require not only correct plans but resilience when those plans
break down. This direction investigates learning reusable skill-
level abstractions that structure complex tasks hierarchically,
enabling efficient plan composition and reuse. Crucially, by
integrating principled infeasibility handling - building on my
work on specification relaxation - the resulting framework
would support graceful failure recovery and online plan adap-
tation when environmental conditions or robot constraints
change mid-execution.
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