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Abstract— Robotic disinfection can relieve human operators
from repetitive, labor-intensive tasks while reducing the risk
of pathogen transmission in public spaces. Recent advances
in learning-based methods further enhance these systems by
enabling robust dynamic task planning and the interpretation
of ambiguous instructions. However, disinfection task planning
remains a four-dimensional (interaction, logic, spatial and tem-
poral) problem that requires expert knowledge. The robust task
planning for autonomous disinfection in dynamic environment
remains challenging. This paper proposes a novel framework
that integrating the Generative Adversarial Trimodel (GAT)
method with embodied framework to solve the four-dimensional
problem in the dynamic environment. The GAT method in-
jects expert knowledge and iteratively refines neural network-
generated plans against analytical model (AM), driving dual
convergence and reducing logic, spatial, and temporal errors.
By combining embodied framework and the GAT method
into a GAT-enhanced embodied framework, the robot system
autonomously perceives objects of unknown shape and pose,
long-horizon task sequence plans, and executes disinfection
operations. Experimental results demonstrate an improvement
in success rate and reduce the average task time and rule vio-
lation rates compared with non-GAT methods, demonstrating
improved robustness and efficiency in dynamic environment.

I. INTRODUCTION

Disinfection is a critical measure for mitigating pathogen
transmission in public and clinical spaces, with documented
demand surging during outbreaks and in high-traffic envi-
ronments [1]. In addition, the disinfection task is a highly
repetitive task that is performed with great frequency in
public spaces and requires a certain level of expert knowl-
edge. Translating these requirements to robotic systems is
compelling because robots can reduce human exposure risk,
alleviate repetitive labor, and improve efficiency. However,
robotic disinfection task planning must satisfy the follow-
ing requirements: (1) task-relevant reasoning ability under
incomplete or ambiguous user instructions; (2) highly effi-
cient long-horizon task sequence under logical, spatial, and
temporal constraints; (3) safety and rule compliance (e.g.,
constraints on UVC lamp activation, bystander avoidance);
and (4) adaptability to dynamic environments in which the
number, types, and poses of objects change over time.

The crucial challenge of disinfection task planning in dy-
namic environments centers on four-dimensions: interaction,
logic, spatial, and temporal. In addition, the task sequences
produced by the disinfection task planner must satisfy logic,
spatial, and temporal constraints. Specifically:
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o Interaction Level: perform instruction grounding, i.e.,
translate high-level directives into concrete, executable
task specifications;

o Logic Level: determine the interaction targets and es-
tablish the precedence relations among subtasks;

o Spatial Level: compute the optimal task sequence to
minimize the overall travel;

o Temporal Level: ensure that execution meets timing and
dosage requirements.

Addressing these dimensional problems requires the incor-

poration of domain-specific expertise.

Traditional task planning rooted in symbolic Al, for ex-
ample, STRIPS-style operators [2] and HTNs [3] offers in-
terpretability and discrete efficiency, but struggles to encode
coupled constraints and adapt in dynamic environment with
high cost of maintaining rules. It typically demands extensive
manual programming and continual updates of operator
preconditions and constraints. Integrated Task and Motion
Planning (TAMP) [4] narrows the task—motion planning gap,
yet is computationally heavy and sensitive to scene changes,
while temporal planners for durative, resource-bounded ac-
tions [5] schedule time/resources but can produce logically
valid yet physically infeasible plans when geometry and
irradiation physics are weakly coupled. In disinfection, rule-
based pipelines and coverage-based exposure optimization
[6] improve structure under static environment but remain
brittle to object/pose changes and incomplete maps, leading
to plan—execution mismatches and dose/time violations.

Recently, LLMs/Vision-Language-Aciton (VLA) based
planners have shown advanced task planning performance,
generating reasonable logic output (task sequences). How-
ever, they struggle with strict spatio-temporal constraints and
dynamic uncertainty. Voxposer [7] demonstrates how LLMs
reasoning coupled with Vision-Language-Models (VLMs)
perception can ground commands into actions for zero-shot
execution. However, the LLM component primarily operates
at the logic level, decomposing tasks into subtasks, while
it relies on the VLM to handle the spatial level problems
and leaves temporal constraints unaddressed. As a result,
the generated subtask sequences provide limited guaran-
tees for expert-dependent planning and are insufficient for
disinfection, especially when long-horizon task sequencing
with spatial and temporal requirements is critical. Large
robotic datasets such as X-embodiment [8] and RoboNet
[9] expand general skills through imitation, while learning-
from-demonstrations approaches [10] promote human-like
behaviors; however, these methods typically require retrain-
ing for specialized skills and lack mechanisms for constraint-
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Fig. 1: The system (gray block) converts task requirements into a prompt and feeds it to the GAT. Assisted by vision system,
which provide target-related information, the components within the GAT—LLMs and the analytical model—iteratively
converge to generate task sequences. Path and trajectory planning are then performed to produce the corresponding path and
trajectory. Finally, the robot (orange block) executes the disinfection operations following these plans.

feasible long-horizon task planning. The VLA method, RT-2
[11], adopts visual-language pretraining to directly predict
actions from observations. It issues step-by-step actions, each
requiring a new observation and a network forward pass,
which is computationally and temporally costly. Moreover,
the resulting action sequences are not continuous, making
them unsuitable for disinfection tasks.

Traditional methods can address logic, spatial, and tem-
poral dimensions in static environment by relying on pre-
specified rules. However, in dynamic environments their per-
formance degrades: uncertainty necessitates time-consuming
replanning and frequent rule updates or reconstructions to
accommodate environmental changes. In contrast, learning-
based approaches exhibit strong logical reasoning and can
decompose tasks into coherent subtasks at the logic level,
but they typically require embodiment-based framework to
resolve spatial and temporal aspects (e.g., waypoint/subtask
optimization, timing/dosage allocation) and to remain robust
under real-world dynamics.

To address these limitations, we introduce a GAT method
and GAT-enhanced embodiment framework to meet the dis-
infection task requirements and solve the four-dimensional
problem. In summary, the main contributions of this paper
are summarized as follows:

e A GAT method that iteratively refines LLMs plans
against logic/spatial/temporal analytical constraints,
achieving dual convergence and fewer logic, spatial, and
temporal violations.

o Using the GAT method that injects expert knowledge
to enhance the efficiency of disinfection task plan,
especially in long-horizon task sequence planning.

o Proposes a GAT-enhanced Embodied Framework for
planning and execution of disinfection tasks in dy-
namic environments, addressing the four-dimensional
problems — interaction, logic, spatial, and temporal.

II. METHODOLOGY

The pipeline comprises a GAT-enhanced embodied frame-
work (gray block) and a robot system (orange block), as
shown in Fig. 1. Given a task prompt and multimodal
sensor inputs (RGB image, depth information, LiDAR),
visison system align visual and textual cues to form a
scene representation. Within GAT, a neural network (LLMs)
generates candidate task sequences, while an AM verifies
and refines them, transfers expert knowledge, and triggers
fine-tuning of the LLMs during the iteration. The validated
task sequences are then provided to a path and trajectory
planner to generate executable motions. The robot subse-
quently follows the planned paths and trajectories to perform
surface disinfection. Details of the GAT method and the
GAT-enhanced embodied framework are presented below.

A. GAT Method

The GAT method is defined as an integrated tri-model
architecture that combines neural network (NN) with sym-
bolic models. The symbolic models consists of an analytical
model and a logic control model. The core idea of the GAT
method is to pits a data-driven generator against a model-
driven generator in an adversarial iteration of collaboration.

Data-driven neural network:

o Leveraging large-scale data, the data-driven NN learns
complex task patterns and implicit strategies to rapidly
generate diverse candidate plans (e.g., for navigation,
perception, and manipulation subtasks).

Model-driven analytical model:

« Explainable constraints: Explicitly encodes domain
rules and physical limits (logic, spatial, temporal).

o Verification & optimization: Uses optimization and vali-
dation algorithms to evaluate candidate plans, providing
actionable feedback or higher-quality alternatives.

Logic control model:

« State transitions between discrete states are event-driven
and govern the iteration loop.
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Unlike zero-sum Generative Adversarial Networks
(GANs) [12], GAT method achieves dual convergence. The
NN and AM enhance each other and converge together. This
is significantly different from the game theory background
of GANs. After GANs training, we obtain a generator that
can generate realistic data (the generator wins), while the
discriminator fails because it cannot distinguish between
real and fake data (the discriminator loses). The value
function proposed in the original GAN paper perfectly
embodies this. In the GAT method, however, both trained
models can be used independently, competing with each
other to achieve the best output, creating a positive-sum
game otherwise zero-sum game.

The interaction between NN and AM is shown in Al-
gorithm 1. In a given weighted, connected graph (G), a
randomly permuted task sequence is used as the initial
solution. Iteration then proceeds between the NN and the
AM: the NN’s output initializes the AM’s parameters, and
the AM’s solution subsequently fine-tunes the NN.

Algorithm 1: GAT Models

Input: Set of n points P = {(x1,y1,21)s- -+, (TnyYn, 2n)}
Output: Sequence S, and path length L.
1: Initialize:

22 G+ P > Weighted connected graph
3: Lapprox — Christofides(G), A\g <~ 1 > Approximate
solution

4: Sy < RandomPermutation(G)

5: Lo < PathLength(.Sy)

6: Se <+ Sy, L.+ Ly > Current solution
7. K+ 0 > Iteration counter
8: while true do

9: Smn < NN(G, S., L.)

10: Sam, V < AM(G, Sin, Linn)
11: vLlogica vLtemporal —V

12: L,m < PathLength(S,,)

> Neural network
> Algorithm 2, 3
> Penalty gradient

13: Se < Sam, Le < Lam
14: K+ K+1
15: €x < Lnn — Ak Lapprox > Error

16: Update \g : > Scaling factor
17: A = min{)\K — 9[{, ].}, O € [0, ].)

18: vLspatial — €K

19: Vigar = aleogic + /BVLspatial + ’YVLlemporal

20: if (ex < €min and VLgar < VL) or K >

K0, then
21: break > Convergence achieved
22: end if

23: end while
24: Return S,., L.

The iterative process is regulated by an error bound e and
the Pareto optimality condition, which serves as the stopping
criterion to control convergence and terminate the loop.

The Pareto optimality condition is met:

Vigar = QVLlogic + BVLspalial + "YVLtemporal — 0,

where V Liggic, V Lgpatial and V Liemporai denote the penalty
gradients for the candidate task sequence of generator vio-
lating logic, spatial, and temporal, respectively. The resultant
task sequences maximize task completion fidelity (1 Success
Rate), task time cost (| Average Task Time), and physical
feasibility (/ Rule Violation Count).

The AM integrates logical, spatial, and temporal con-
straints distributed across the respective levels.

1) Logic Constraints: Task sequence transitions are veri-
fied against task-specific preconditions and post-conditions.
Typical constraints include (i) spatial reachability: The navi-
gation subtask must precede the disinfection subtask, because
the robot must first move to the target vicinity before dis-
infection can begin (e.g., a1 = NAVIGATE(x,y) before
as = DISINFECT(obj)); and (ii) safety requirements:
The UVC lamp must be activated prior to disinfection
subtask and deactivated at the end of the task to prevent
harm to bystanders. If the current sequence violates the logic
constraints, the logic violation count increase (V LiggicT).

2) Spatial Rulesets: Objective function is to minimize
total path length with constraints. Initial task sequences is
S. ={ap,a1,...,an}. The spatial level algorithm is shown
in Algorithm 2. Given a weighted, connected graph (G), a
high-quality initial solution is first obtained using the clas-
sical Christofides algorithm [13]. During the iterative loop,
whenever a superior solution L. is identified, L. is adopted
as the new initial sequence and a local search procedure
is applied. Specifically, the Lin—Kernighan heuristic is em-
ployed rather than more time-consuming metaheuristics such
as ant colony optimization or particle swarm optimization,
prioritizing a superior quality—time trade-off. This choice is
motivated by the need to enable rapid iterations between the
AM and NN. The procedure returns the local optimal task
sequence under the given initialization.

Algorithm 2: Analytical Model — Spatial Constraints

Input: Current sequence G, S., L,
Output: New sequence Spew

1: procedure MAIN
2: Senris < Christofides(G) > Approximate solution
if L.pris < L. then
Sc — Sch7'i57 Lc — LchTis
end if
S. < LOCALSEARCH(S,, start_idz, G)
L. < Length(S,)
if L. < L,c then
Snew <_ SC
10: Lpew < L
11: end if
12: return Spey, Lpew
13: end procedure

R A

3) Temporal Constraints: Verify the total time cost not
out of the limitation when task having time requirement. The
temporal constrains algorithm is shown in Algorithm 3 .
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Algorithm 3: Analytical Model — Temporal Constraints

Input: Task sequences S., Maximum time limit 7},,, Max
spatial iterations Iy,,y, Current spatial iteration count %

Output: Adjusted task sequences Syq;
1: procedure TEMPORALCON-

STRAINTS(S¢; Tinaxs Imax, ©)

2: total_time < calculate_total _time(S..)

3: Time constraints satisfied:

4: if total_time < T},.« then

5: return S,

6: else

7: V Liemporal = total_time — Tipaa

8: Request rescheduling:

9: if i < I, then

10 return to spatial level

11: else

12: Find the least used object in history data:
13: 0bjLeast < Find_object(datapistory)
14 Remove the object from sequence:
15: Sadj < remove_obj_seq(S¢, 0bjreast)
16: Check logical consistency:

17: return to logic level

18: Re-optimize sequence:

19: re-enter spatial level
20: end if
21: end if

22: end procedure

The total execution time of each candidate sequence is
evaluated, and if it exceeds the time budget, re-planning is
triggered at the spatial layer. Once the spatial layer reaches
its iteration limit, the lowest-usage target, determined by a
Poisson prior from historical data, is removed, after which
the logic layer verifies consistency and the spatial layer
performs re-optimization.

B. GAT-enhanced Embodied Framework

The GAT-enhanced Embodied Framework is designed as a
hierarchical architecture, as illustrated in Fig. 2. Robot tasks
can be organized into five levels: interaction, logic, spatial,
temporal, and control. The disinfection robot system follows
this five-level structure:

Interaction Level: This level processes user instructions
and environmental information into prompts. In addition,
ensure UVC dosage compliance using tyyci > Eféob;),
where t,,. represents the UVC exposure time requiered for
the robot to effectively disinfect the target object; @yge TEP-
resents the UVC dosage required on the surface of the target
object, as defined by disinfection standards [14]; Feg(0bj;)
represents the effective irradiance intensity, which depends
on the distance between the UVC and object’s surface. Then,
UVC dosage can be evaluated by Dyv = fot Eerr(0bj; )dt.

Logic Level: This level is responsible for all logical oper-
ations and comprises components such as LLMs and a finite
state machine (FSM) module, where the LLMs serve as the
NN component of the GAT method and the FSM implements

its logic control model.The LLMs perform logical reasoning,
decision-making, and disinfection task planning, while the
FSM maintains the robot’s discrete states, coordinates state
transitions, and manages the execution of task sequences and
operational phases.

Spatial Level: This level processes spatial information and
extracts key data to enhance the performance of other levels.
The vision system incorporates multiple vision processing
algorithms and models.

Temporal Level: The trajectory planner at this level
generates the disinfection trajectory and designs temporal
constraints within the analytical model.

Control Level: This level processes real-time sensory data
and publishes physical control commands to the robot.

In dynamic environments, disinfection often constitutes a
zero-shot setting: the robot lacks prior knowledge of target
types, shapes, and visually similar variants, making task and
motion planning difficult and ambiguous instruction ground-
ing. Our GAT-enhanced embodied framework mitigates these
issues by jointly leveraging perception, expert knowledge
transfer, and planning (Fig. 3). Given a user instruction,
GAT performs iterative task decomposition: it first acquires
scene information from images and point clouds processed
by the vision system, then selects the target object and refines
the plan to extract its surface geometry for disinfection
planning. Finally, it fuses instruction semantics with the
estimated surface to identify planes to disinfect and outputs
the execution task sequence.

III. EXPERIMENTS SETUP AND RESULTS

A. System Implementation

1) Hardware System: The disinfection system in Fig. 1 is
a 6-DOF mobile manipulator with a three-wheeled 3-DOF
base and a 3-DOF arm, whose end-effector carries a UVC
lamp (270 nm peak, 11.2 mW/cm?). Sensing includes a
16-line Velodyne 3D LiDAR at the midsection and three
cameras: one top-mounted RGB (1920x1080, 2.7 mm) plus a
co-located RGB (same specs) and a pmd flexx2 depth camera
on the UVC lamp house. Computation is split between an
industrial PC (Advantech UNO-238; i7-8665UE; 32 GB;
Ubuntu 20.04) for control/perception and a NUC (ASUS;
17-1165G7; 32 GB) for the vision system and cloud-based
LLMs interfacing.

2) Software System: The software system operates within
the Robot Operating System (ROS) framework and interfaces
with GPT-4/40 via their APIs for interactions with the LLMs.
The prompting strategy is inspired by [15]. The vision system
comprising multiple vision modules, including perception
and geometry modules, such as object detection algorithm
(YOLOV10 [16]), 3D object segmentation pipeline (SAM
[17] with point cloud segmentation), viewpoint selection
algorithm [18], and plane-fitting module (RANSAC), to meet
diverse disinfection task requirements. The motion planning
and navigation components are inspired by [19], [20].
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Fig. 2: GAT-enhanced Embodied Framework for Scheduling Disinfection Task. (1) Interaction Level: transfers task into
prompts; the dosage evaluator estimates UVC exposure after each disinfection operation; (2) Logic Level: LLMs generate
candidate task sequence into AM to for verification and possible re-initialization; expert-knowledge transfer fine-tunes
the LLMs; a FSM manages the robot states; (3) Spatial Level: vision system provide perception modules, and a path
planner generates disinfection paths; (4) Temporal Level: the trajectory planner generates trajectories that satisfy the dosage
requirements; (5) Control Level: real-time sensor data are fed upward for processing and used for low-level robot control.

B. Experimental Protocol

1) Implementation Details: The experiments are con-
ducted on the mobile manipulator shown in Fig. 1. The
experimental venue is a training room in an elderly care
center with randomly distributed objects, including hand/leg
training devices, tables, chairs, and racks. Dynamic factors
include an unknown number of objects, varying poses, and
shape variations within the same object category.

Two task classes are considered: patrolling and disin-
fection. In patrolling, waypoint orderings are generated by
either an LLM or the GAT method; no time constraints are
imposed, and all waypoints are reachable navigation goals.
Disinfection is performed in a dynamic environment with a
variable number of target objects of diverse types and shapes.
Prior knowledge is available for a subset of targets, either
instance specific or type level across shape variations, and
is represented in text, image, and point cloud modalities.
The robot is assumed to have sufficient battery capacity to
complete all tasks.

2) Experiments Setup: To evaluate the proposed GAT
method and the GAT-enhanced embodied framework, two
experiments were designed. Details are as follows:

o EI — Measurement the efficiency of the GAT method
for task planning: In the public areas of an elderly care
center, the robot is assigned substantial daily patrolling
tasks. Two patrolling scenarios with different numbers
of waypoints (51 and 125) are constructed. Task plan-
ning is performed using an LLM only approach and

the GAT method for comparison, in order to quantify

planning efficiency. The evaluation metric is:

— Path Length (PL): the total distance traveled to visit
all patrolling points.

o E2 — Assessment of GAT-enhanced Embodied Frame-
work in dynamic environment: Fifteen instructions were
tested across three scenarios: with prior knowledge,
without prior knowledge, and zero-shot learning. These
instructions pertained to at least 10 randomly chosen
objects within a venue, including chairs, training de-
vices, and racks. Some instructions targeted specific
components of these objects, such as the back of a chair.
Five different methods were compared to evaluate task
planning performance. The first method utilizes LLMs
with a static objects process module, which is suitable
for generally immobile objects. The second method
integrates LLMs with mechanisms for operating in
dynamic environments [21]. The third method utilizes
an embodied assistant with multi-level task feedback
mechanism [22]. The fourth approach is rule-based,
relying on pre-set rules to complete tasks step-by-step,
with rules remaining unchanged during the task. The
last one is the proposed method.

To evaluate the performance of different approaches for
disinfection task planning, three metrics are selected:

— Success Rate (SR): The completion of the full
task without human intervention, while autonomously
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Fig. 3: (a) The task requirements are translated into a prompt format; (b) The GAT generates an initial task sequence to
acquire environmental information; (c) Leveraging objects’ spatial information and the relative positional relationships to
the target, the GAT selects the target objects and generates a new task sequence to acquire their surface information; (d)
Based on the planes information and task requirements, the GAT selects target planes and generates a new task sequence to

disinfect the target surfaces.

adjusting actions to meet task requirements under the
influence of dynamic environmental changes.

— Average Task Time (ATT): The average time cost
taken from command input to the completion of the
last subtask, calculated over multiple task executions.

— Rule Violation Count (RVC): The total number of
constraint violation per trial.

C. Experimental Results and Discussion

1) Measurement the efficiency of GAT Method: A com-
parison between a LLMs only approach and the GAT method
(Fig. 4) under two subtask scales shows that the LLMs only
approach fails to converge to improved sequences, whereas
GAT consistently yields shorter paths. For 51 subtasks, the
GAT achieves 77.50 m versus 261.978 m for the LLMs only
approach; for 125 subtasks, it achieves 95.489 m versus

733.072 m. The LLMs only approach tends to stall in
poor permutations as task size increases, while GAT method
coupling of LLMs generation with AM verification steadily
suppresses long inter-cluster jumps and accumulates reusable
ordering. This yields stable convergence and large distance
savings at both scales (77.50 m vs. 261.978 m for 51
subtasks; 95.489 m vs. 733.072 m for 125), implying shorter
cycles, lower energy use, and time-saving.

2) Assessment of GAT-enhanced Embodied Framework:
As shown in Tab. I, the proposed GAT-enhanced framework
outperforms all baselines across SR, ATT, and RVC.

SR: The GAT-enhanced embodied framework matches
or exceeds embodiment-based methods and substantially
outperforms LLM-only and rule-based baselines. With prior
knowledge, SR reaches 93.3% (on par with Embodiment),
and under no prior and zero-shot settings it attains 86.7%
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Fig. 4: Compare the proposed GAT method with the LLM-only baseline on two task (51 and 125 sub-tasks). Observe that
GAT reduces loss much faster and further: AM and NN curves drop sharply within 10-15 iterations and keep converging,
while the baseline plateaus high. Translate this into execution efficiency: with 51 sub-tasks, path length falls from 261.98 m
(LLMs only) to 77.50 m (GAT); with 125 sub-tasks, from 733.07 m to 95.49 m. Note that GAT also yields more coherent
sub-task visitation, avoiding the long cross-scene traversals seen in the baseline, leading to more efficient planning as task

complexity grows.

and 80.0%, respectively, well above LLM+Stat. (13.3% with
prior) and Rule-based (6.67% with prior).

ATT: Relative to Embodiment, the proposed method short-
ens ATT to 37.4 min with prior knowledge from 45.3 min,
46.8 min with no prior from 59.7 min, and 51.7 min in
zero-shot from 63.4 min, i.e., reductions of 17.4%, 21.6%,
and 18.45%. It is also faster than LLM+Dyn. with prior
knowledge (37.4 vs. 49.3 min).

RVC: The proposed method achieves the lowest RVC
across all settings: 4 (with prior), 8 (no prior), and 8
(zero-shot). This improves substantially over Embodiment
(7/13/13) and dramatically over Rule-based (28/40/40). Rel-
ative to Rule-based, RVC drops by about 85.7% (with prior)
and 80.0% (zero-shot).

Although ATT increases when prior knowledge is absent
due to iterative LLM refinement and 5 to 12 s API latency,
the GAT enhanced embodied framework still achieves lower
ATT than all non GAT baselines and consistently yields
the fewest rule violations. Overall, the proposed integration
preserves high SR, shortens completion time, and markedly
improves rule adherence relative to alternative methods.

During the experiment, the statistical results of error rates
at different layers are shown in Fig. 5. Compared with rule-
based methods, data-driven methods (LLMs) perform better

Logic Error
Spatial Error
Temporal Error
No Error

LLM + Stat.

LLM + Dyn.

Embodiment

Rule-based

Our
(Embod. + GAT)

0 20 40 60 80 100
Percentage (%)

Fig. 5: Error rate of GAT-enhanced embodied framework
and baselines. Compared to baselines, although the proposed
method, it effectively reduces the error rate in different levels.

in dynamic environments, reducing errors at multiple levels
and improving robot adaptability. The embodiment-based
framework also achieves higher no-error rates, indicating that
LLMs combined with robot-derived feedback can effectively
mitigate logical, spatial, and temporal errors. Our method
attains the lowest overall error rate, with the most significant
source of error occurring at the logic level.
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TABLE I: Comparison Results with different methods

Randomly Distributed Objects

SR. (%) ATT. (min) RVC.
Method W/ Prior No Prior  Zero-shot W/ Prior No Prior  Zero-shot W/ Prior No Prior  Zero-shot
LLM+Stat. 13.3 - - 44.4 - - 22 22 22
LLM+Dyn. [23] 40.0 20.0 - 49.3 51.1 - 7 17 28
Embodiment [22] 93.3 80.0 66.7 45.3 59.7 63.4 7 13 13
Rule-based [24] 6.67 - - 53.0 - - 28 40 40
Ours 93.3 86.7 80.0 37.4 46.8 51.7 4 8 8
IV. CONCLUSIONS [8] A. O’Neill, A. Rehman, A. Maddukuri, A. Gupta, A. Padalkar,

This work proposes a GAT method and a GAT enhanced
embodied framework for disinfection planning on a mobile
manipulator. The GAT generated task sequences satisfy dis-
infection requirements, while the framework addresses four
dimensional challenges to enable autonomous disinfection
in dynamic environments. In contrast, embodiment only
approaches can yield logically incorrect outputs or inefficient
long horizon plans when specialized domain knowledge is
required. A key component of GAT method is the AM,
which encodes multi-level constraints and rules to support
knowledge implementation and transfer. Experiments show
that this design effectively transfers knowledge to LLMs,
significantly reducing errors and yielding more reasonable
and reliable logical outputs. However, GAT method has
limitations. Formulating physical models into the rules or
constraints of AM can be challenging in certain cases.
For example, transferring manipulation skills for non-rigid
objects remains challenging due to their complex properties.
Such knowledge may instead be acquired through trial, eval-
uation, and experience summarization to better understand
the physical model.
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