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Abstract

Human-Al joint planning in Unmanned Aerial Vehicles
(UAVs) typically relies on control handover when facing en-
vironmental uncertainties, which is often inef cient and cog-
nitively demanding for non-expert operators. To address this,
we propose a novel framework that shifts the collaboration
paradigm from control takeover to active information elicita-
tion. We introduce the Minimal Information Neuro-Symbolic
Tree (MINT), a reasoning mechanism that explicitly struc-
tures knowledge gaps regarding obstacles and goals into a
queryable format. By leveraging large language models, our
system formulates optimal binary queries to resolve speci ¢
ambiguities with minimal human interaction. We demon-
strate the ef cacy of this approach through a comprehensive
work ow integrating a vision-language model for percep-
tion, voice interfaces, and a low-level UAV control module in
both high- delity NVIDIA Isaac simulations and real-world
deployments. Experimental results show that our method
achieves a signi cant improvement in the success rate for
complex search-and-rescue tasks while signi cantly reducing
the frequency of human interaction compared to exhaustive
querying baselines.

Introduction

Human-Al joint planning in the eld of Unmanned Aerial
Vehicles (UAVS) or drone control has emerged as a critical
area of research in intelligent robotics (Sapkota, Roumelio-
tis, and Karkee 2025; Lim et al. 2021; Papyan et al. 2024;
Jain, Gambhir, and Pandey 2024). Traditionally, human-
robot collaboration in open-world environments has been
predominantly characterized by unidirectional control han-
dover. In such paradigms, when a UAV encounters uncer-
tainties such as unidenti able obstacles or ambiguous en-
vironmental semantics the standard fallback mechanism
is to suspend autonomy and transfer control to a profes-
sional human operator (Luo et al. 2023; Wu et al. 2023;
Igbinedion and Karaman 2024). However, this approach re-
lies heavily on the assumption that the human supervisor al-

ways possesses the immediate situational awareness and ex

pert control skills required to execute the optimal maneuver.

In real-world cooperation applications, such as search and

rescue (SAR) or exploration missions (Schwalb et al. 2022;
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Fang et al. 2023), this assumption often fails: the human
co-operator may understand the semantic context of the sur-
rounding environment but may not be pro cient in provid-
ing the precise low-level manipulations required for optimal
planning. Consequently, relying solely on control takeover
is often inef cient and imposes a heavy cognitive load.

In this context, we argue that the planning dif culties
of modern Al-driven drones often stem not from a lack of
control policies but from speci ¢ knowledge gaps missing
information regarding certain objects in the environment.
Therefore, a more effective Human-Al joint planning strat-
egy shifts the focus from acting to knowing (Lai et al.
2021; Chen et al. 2025); the human supports the autonomous
planner by bridging these specic information de cits.
However, this introduces a new challenge: the agent must
precisely identify the source of uncertainty, convert it into
natural language, and perform active elicitation. Besides,
to maintain operational ef ciency, the Al agent must avoid
generic open-ended questions and instead formulate targeted
queries that resolve the ambiguity with minimal interaction.

With the recent advancements in Large Language Mod-
els (LLMs) such as ChatGPT, a new paradigm for address-
ing these challenges has become possible (Li et al. 2026). In
this paper, we propose a novel human-Al interaction frame-
work for object-driven knowledge-gap reasoning and active
elicitation. Unlike standard approaches that treat uncertainty
as a monolithic block to be avoided, our method explicitly
structures uncertainty using a Minimal Information Neuro-
Symbolic Tree (MINT). This framework rst constructs a
symbolic tree to analyze the source of the knowledge gap.
Subsequently, an LLM traverses this structure to curate a
binary (Yes/No) query that maximizes information gain re-
garding the optimal plan. Upon receiving the human’s re-
sponse, the agent updates its internal belief state, prunes
the uncertainty tree, and revises its plan accordingly. This
process iterates until the decision-making uncertainty is re-
solved or no further relevant information can be provided.

_ To validate our approach, we developed a comprehensive
system work ow, as illustrated in Figure 1, and evaluated
it in both high- delity simulation and real-world scenarios.
Our system integrates a human voice interface, a Vision-
Language Model (VLM) for semantic perception, a neuro-
symbolic reasoning module, and a low-level UAV controller.
By deploying this work ow in complex search-and-rescue
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tasks involving visual obstructions and unknown hazards,
we demonstrate that our method not only successfully com-
pletes planning objectives where baselines fail but also sig-
ni cantly reduces the frequency of human interactions re-

quired to achieve near-expert performance.

Methodology

We propose a neuro-symbolic framework for active human-
UAV collaboration. Our system enables a planning agent in-
side the UAV to autonomously identify perceptual or seman-
tic ambiguities during navigation tasks and actively query
a human operator to resolve them. The proposed method
implements joint-planning and uncertainty mitigation by:
(1) Extracting object attributes and identifying potential un-
certainties; (2) Knowledge-gap reasoning via MINT, which
models the branching possibilities of navigation outcomes;
and (3) LLM-driven active elicitation, which formulates op-
timal binary queries to prune and update the neural-symbolic
tree to resolve the uncertainty.

Object-Driven Uncertainty Identi cation

The UAV is equipped with an RGB-D camera and receives
a natural language instruction | (e.g., Pick up medicine
from the box and bring it to the injured person). We uti-
lize a VLM to process the visual input V and construct
a local semantic map M. The VLM detects objects O =
fo1;02; 35009 and extracts their attributes (color, shape,
semantic class). Normally, for navigation tasks, the system
ags uncertainty in two forms:

Obstacle-based Ambiguity: When an object’s property
is crucial for the task but cannot be determined (e.g.,
whether the smoke in the region is safe to pass).

Target-based Ambiguity: When multiple objects match
the description in | (e.g., two distinct objects with the
same label box exist), which creates high entropy in
the sub-goal distribution.

Let u denote the set of identied knowledge gaps. If
u = ;, the UAV proceeds with standard deterministic path-
planning via classic algorithms such as A*. Otherwise, if
u 6= ;, the system triggers the reasoning module to resolve
the uncertainty rst.

Knowledge-Gap Reasoning

To resolve the identi ed uncertainty u, we constructed
MINT to analyze its possible impacts. The uncertainty is
evaluated based on its entropy and trajectory divergence to
measure its signi cance and impacts on decision-making. If
the control policy is based on reinforcement learning, then
the Q-value can also be utilized as a metric (Fang, Lan, and
Imani 2026).

Tree Construction The root node represents the current
state g with the unresolved knowledge gap u. We expand
the tree by generating hypotheses h 2 H regarding the un-
known variable. For example, if u represents an unknown

For each hypothesis branch, we instantiate a temporary
semantic map M, and employ a hierarchical planner to
generate a corresponding sub-task trajectgrylhe cost of
the trajectory C(,,) and deviations between two trajectories
d( n,j n,) serve as the evaluation metrics.

Evaluation Metrics We de ne the impact of a knowledge
gap by its effect on the structure of the navigation plan:

1. Trajectory Divergence: For obstacle-based uncertainty,
we measure the difference between the optimal paths un-
der different hypotheses. If jC{ate ) C( danger ) c
and d( safe ] danger ) d, the uncertainty is irrelevant
to the mission, and no query is needed. Here, thend

d are two thresholds acting as hyperparameters.

. Goal Entropy: For target-based uncertainty (e.g.,
Which box to take, black or blue?), we calculate
the Shannon entropy of the potential target distribution
P (gjl; V¢). A high entropy indicates a need for clari ca-
tion.

These metrics are used to construct the neural-symbolic
tree from the root node. If one of the metrics is signi cant

(e.g., if one requires a long detour), then the gap is consid-

ered critical to cause a difference in decision, and the current

node will further branch into two sub-trees with different hy-

potheses. Otherwise, the current node will be considered a

leaf node, and the current planned trajectory will be carried

out without further reasoning.

Active Elicitation and Plan Re nement

Once the tree captures the potential future states derived
from u, a LLM acts as the inference engine to select the
optimal query and convert it into natural language.

Query Generation The LLM analyzes the MINT struc-
ture to formulate a binary question q (Yes/No) that maxi-
mizes the Information Gain (IG) relative to the planner’s ob-
jective. The goal is to nd a cut in the tree that collapses the
hypothesis space H into a single con dent branch.

q =arg m‘a‘x H(T) E y2fyes;nog [H(T jy)l 1)

where H(T ) represents the uncertainty of the current tree
state (measured via goal entropy or path variance). The gen-
erated question translates technical uncertainties into natural
language, such as Is the smoke ahead safe to y through?
or Are you referring to the red box? .

Tree Pruning and Execution Upon receiving the human
operator’s binary response y, the system prunes all branches
inconsistent with y. The semantic map M is updated with
the new expert knowledge (e.g., marking the smoke region
as a non-traversable obstacle). The planner then generates
a nal, optimized trajectory based on the resolved map,
ensuring safe and ef cient navigation.

Experimental Results and Discussion
We evaluate our proposed framework in two distinct set-
tings: a high- delity simulation environment (NVIDIA
Isaac) to quantitatively assess planning performance and a

obstacle property (e.g., smoke), the branches may representreal-world environment to demonstrate the feasibility of the

hsate (passable) anddanger (impassable).

integrated voice-interactive work ow.
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Figure 1: The complete work ow of our methods.

Simulation Experiments: NVIDIA Isaac

Results Analysis The results are summarized in Table ?7.

We constructed a simulated disaster response scenario inQUr @pproach demonstrated a signi cantimprovementin ef-

NVIDIA Isaac , where a UAV is tasked with navigating in
an on- re warehouse to locate and rescue an injured person.
The environment contains obstacles and is designed with
two speci ¢ sources of uncertainty (u) that affect planning:

1. Navigation Constraint (Unay ): A region covered by vol-
umetric smoke. The UAV cannot visually determine if
the smoke is toxic (non-traversable) or safe to y through
(shortcut traversable).

2. Goal Ambiguity (ugeal ): A closed room that may or may
not contain a second potential victim, representing a re-
ward uncertainty.

Experimental Setup and Baselines To validate the effec-

ciency. In scenarios where the smoke was not on the criti-
cal path, MINT successfully pruned the uncertainty tree and
avoided issuing unnecessary queries, whereas the Exhaus-
tive Query baseline incurred a penalty for every uncertainty.

Compared to the Pure LLM baseline, which achieved a
success rate of only 77%, our method achieved a success
rate of 100%. Furthermore, compared to the Exhaustive
Query baseline, we reduced the number of human interac-
tions by 30% while maintaining a comparable task success
rate. This con rms that our neuro-symbolic tree effectively
Iters out noise uncertainties that do not affect the deci-
sion boundary.

tiveness of our Knowledge-Gap Reasoning module, we var- _Method Success Rate (%) Avg. Queries
ied the spatial con guration of the smoke and the closed ~ Pure LLM 770 0:0
room relative to the optimal path. This setup ensures that ~ Exhaustive 100:0 2:0

in some scenarios, the uncertainty is irrelevant to the opti- _MINT (Ours) 100:0 14

mal decision (e.g., the smoke is far from the target), while in
others, it is critical.
We compared our method (MINT) against two baselines:

Pure LLM (Passive): The agent generates a plan using
standard A logic based on a VLM description without
the ability to query. It treats all uncertain regions as obsta-
cles (conservative) or free space (risky), leading to either
suboptimal detours or collisions.

Exhaustive Query (Always Ask): The agent triggers a
human interaction for every detected uncertainty (smoke
or closed doors) regardless of its impact on the current
trajectory.

Table 1: Comparison of Success Rate and Interaction Cost
in Simulation

Real-World Deployment

To validate the system in a physical setting, we deployed
the complete work ow on a quadrotor platform . The sys-

tem integrates a VLM-based perception module (for object
detection and attribute extraction), a voice interaction inter-
face (Speech-to-Text/Text-to-Speech), and a low-level ight
controller.



Figure 2: The illustration of the testbeds. (a) The typical planning stage in the NVIDIA Isaac simulation environment. (b) The
real-world environment for deployment.

Scenario Description  The real-world task was de ned as:  erator. This work establishes a scalable foundation for intu-
Pick up the medicine from the box and bring it to the in- itive, voice-based human-robot collaboration in open-world
jured person. The environment contained multiple boxes environments. Future directions will focus on expanding the
of varying sizes, shapes, and colors, introducing semantic neuro-symbolic reasoning capabilities of MINT to handle
ambiguity regarding the correct target object. The UAV uti- more complex, non-binary query structures and continuous
lized onboard cameras to detect objects and, upon encoun-value elicitation. We also aim to integrate formal methods,
tering multiple potential targets (high goal entropy), initiated  such as temporal logic constraints, into the tree construction
a voice query to the human operator (e.g., Should | take the process to enable safer and more expressive human-robot

red box?).

Performance We conducted 20 trials with varying ar-

rangements of decoy boxes. The baseline (Passive Planner)

collaboration in dynamic, open-world environments.

Acknowledgments

often failed to identify the correct medicine box, resultingin  This research is based on work supported by the Of ce of

a success rate of only 35%. In contrast, our method achieved
a success rate of 100%. For future experiments, we will test
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formance to decrease.

Crucially, the interaction felt natural to the operators. The
latency from the start to completion of planned trajectories
was approximately 20:7 seconds. By actively eliciting the
necessary visual attributes (e.g., color) through voice, the
UAV was able to resolve semantic ambiguities that are im-
possible to solve via geometric planning alone. The real-
world experiments con rm that our object-driven elicitation
framework is robust to the noise and variability of physical
environments.

Conclusion

In this paper, we present a neuro-symbolic framework for
object-driven knowledge-gap reasoning and active elicita-
tion in human-UAV teaming. By explicitly modeling uncer-

tainty through the MINT structure, our approach enables au-
tonomous agents to distinguish between critical and irrele-
vant knowledge gaps, thereby optimizing the utility of hu-

man intervention. We validated the system in both simulated
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