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Abstract

Enabling humanoid robots to perform long-horizon mobile
manipulation planning in real-world environments based on
embodied perception and comprehension abilities has been
a longstanding challenge. With the recent rise of large lan-
guage models (LLMs), there has been a notable increase in
the development of LLM-based planners. These approaches
either utilize human-provided textual representations of the
real world or heavily depend on prompt engineering to extract
such representations, lacking the capability to quantitatively
understand the environment, such as determining the feasi-
bility of manipulating objects. To address these limitations,
we present the Instruction-Augmented Long-Horizon Plan-
ning (IALP) system, a novel framework that employs LLMs
to generate feasible and optimal actions based on real-time
sensor feedback, including grounded knowledge of the en-
vironment, in a closed-loop interaction. Distinct from prior
works, our approach augments user instructions into PDDL
problems by leveraging both the abstract reasoning capabili-
ties of LLMs and grounding mechanisms. By conducting var-
ious real-world long-horizon tasks, each consisting of seven
distinct manipulatory skills, our results demonstrate that the
TIALP system can efficiently solve these tasks with an aver-
age success rate exceeding 80%. Our proposed method can
operate as a high-level planner, equipping robots with sub-
stantial autonomy in unstructured environments through the
utilization of multi-modal sensor inputs.

Website — https://nicehiro.github.io/IALP

Introduction

Embodied decision-making has been regarded as a critical
role for humanoid robots tasked with executing long-horizon
mobile manipulation tasks, which require prolonged naviga-
tion of the environment and interaction with objects. The
recent advancement of large language models (LLMs) has
significantly enhanced their ability to perceive, comprehend,
and plan actions with their surroundings, thus promoting
the successful completion of long-horizon mobile manipula-
tion tasks. However, most of the existing research lacks the
grounding knowledge of the real-world environment, such
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User: Take the blue jacket on the cloth hanger to the door.
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Figure 1: The IALP system leverages the reasoning capabil-
ities of LLMs and grounding mechanisms to enrich the task
representation, enabling plan feasible and optimal actions in
the real world.

as spatial positioning and feasible grasping poses. They ei-
ther rely on simulated settings or predefined contextual de-
scriptions, with few investigations into real-world under-
standing and representation through the use of LLMs. This
deficiency in grounded understanding impedes robots from
properly interacting with complex objects/structures, thus,
impairing their application in unknown environments. Given
these challenges, an imperative question arises: Can we ef-
fectively extract and utilize environmental representations,
both abstract and grounded, to empower humanoid robots to
plan long-horizon tasks in real-world environments?

An approach to providing robots with embodied intel-
ligence involves utilizing off-the-shelf foundation models
such as GPT-4 (Achiam et al. 2023), CLIP (Radford et al.
2021), and SAM (Kirillov et al. 2023), thus enabling them
to do long-horizon planning. Classical methods (Wake et al.
2023; Lin et al. 2023; Huang et al. 2023; Ahn et al. 2024)
typically operate within simulation environments or assume
the availability of textual descriptions of the environment,
heavily relying on the reasoning capabilities of visual lan-
guage models (VLMs) through prompt engineering. How-
ever, these methods face significant limitations in real-world



environments where extracting key features, such as the pre-
cise position of objects, from the real world is challenging.

Furthermore, mobile manipulation in robots has gained
increasing popularity. Previous studies have employed both
models trained via transformer-based structures (Brohan
et al. 2022, 2023) and training-free approaches (Liu et al.
2024; Wang et al. 2024; Ahn et al. 2024). Nonetheless, these
approaches either lack long-horizon planning capabilities
(Brohan et al. 2022, 2023; Liu et al. 2024) and/or interac-
tive planning abilities that enable the robot to adjust its be-
havior based on feedback (Liu et al. 2024; Wang et al. 2024;
Ahn et al. 2024). We anticipate leveraging the implicit world
knowledge of LLMs and grounding mechanisms, such as
voxel map building and grasping pose generation, to decode
task-relevant information from the environment. This infor-
mation can be transformed into structured descriptions that
are recognized by the LLM planner, enabling the execution
of long-horizon tasks in a closed-loop manner.

To this end, we introduce the Instruction Augmented
Long-Horizon Planning (IALP) system: a flexible and ex-
tendable framework to solve long-horizon tasks in real-
world environments. The IALP system (i) augments the user
instruction with the task-related knowledge extracted from
promptable and grounding mechanisms-based predicates
using Planning Domain Description Language (PDDL)
(Fox and Long 2003; Garrett, Lozano-Pérez, and Kaelbling
2020), and (ii) generates feasible and optimal actions to
complete long-horizon tasks in a close-loop manner (see
Figure 1). Specifically, our new method first augments the
user’s instruction by generating a PDDL problem based on
the user’s input and the robot’s perception, which includes
both 2D and 3D data. Then, the system employs the LLM
planner to interactively generate feasible and optimal ac-
tions, encompassing both navigation and manipulation, to
accomplish the entire task. The system’s extendability al-
lows for the design and inclusion of additional predicates,
both promptable and grounding mechanisms, to meet vari-
ous needs. The contributions are summarized as follows:

* We introduce IALP, an adaptive framework that uti-
lizes both abstract reasoning abilities (from LLMs) and
grounding mechanisms to extract task-relevant represen-
tations from the environment.

* We propose a method that enables robots to generate fea-
sible and optimal actions based on real-time feedback in
a closed-loop interaction with the environment.

* We deploy the entire system in real-world scenarios
across several long-horizon tasks, comprising skills such
as moving, picking, placing, and more. The results
demonstrate that our algorithm achieves over 80% plan-
ning accuracy.

Related Works
Pretrained Foundation Models for Task Planning
Preliminary studies (Kambhampati et al. 2023; Valmeekam
et al. 2023; Guan et al. 2023; Ao et al. 2024) have demon-
strated that off-the-shelf large language models (LLMs)
have the capability to solve long-horizon tasks as effec-
tive high-level planners. Traditional planning systems (e.g.,
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those based on PDDL) employ efficient search algorithms to
identify correct or even optimal plans, but are constrained by
predefined structured task descriptions. Recent studies (Liu
et al. 2023; Silver et al. 2022) have leveraged the capabilities
of LLMs and PDDL planners, where LLMs are employed
to generate structured task descriptions, and PDDL planners
subsequently used to find optimal solutions.

With the integration of multimodal inputs, such as visual
and auditory data, several studies (Geng et al. 2023; Zhang
et al. 2024; Huang et al. 2023) have heavily relied on the
reasoning and in-context learning capabilities of visual lan-
guage models (VLMs) to extract spatial relations and ob-
ject attributes for planning purposes. However, we argue that
while VLMs excel at reasoning about the spatial relations in
2D images, they are limited in their ability to extract precise
spatial information, such as an object’s position and pose
within the environment. Rather than relying on predefined
planning priors, we leverage not only VLMs’ implicit world
knowledge but also grounding mechanisms to extract rep-
resentations that encode task-relevant information, such as
checking if the generated grasping pose is feasible to reach.

Mobile Manipulation in Open Worlds

Mobile manipulation and navigation in open-world environ-
ments necessitate open-vocabulary capabilities and strong
adaptive skills in robots. Despite recent advances in pre-
training foundation models, which have spurred increased
research interest, this remains an unresolved challenge
(Yenamandra et al. 2023). To address this issue, (Brohan
et al. 2022, 2023) propose end-to-end pipelines by train-
ing transformer-based vision-language models. On the other
hand, (Liu et al. 2024; Wang et al. 2024; Ahn et al. 2024)
introduce training-free approaches utilizing pretrained foun-
dation models. OK-Robot (Liu et al. 2024) can perform
pick-and-place tasks in open-world settings without any
training by leveraging state-of-the-art vision-language mod-
els (VLMs) such as CLIP (Radford et al. 2021) and OWL-
ViT (Minderer et al. 2022) for object detection, navigation
and manipulation. However, it lacks the ability to reason
about long-horizon tasks and is limited to pick-and-place op-
erations. In contrast, (Wang et al. 2024; Ahn et al. 2024) use
distilled spatial geometry and 2D observations with VLMs
to guide the morphology selection of robots. Their proposed
planning frameworks are one-shot, meaning they plan the
entire task at the beginning without receiving feedback and
use LLMs only for morphology selection rather than for
generating primitive actions. Prior studies either lack long-
horizon planning capabilities (Brohan et al. 2022, 2023; Liu
et al. 2024) or interactive planning abilities (Wang et al.
2024; Ahn et al. 2024).

Our work constructs the PDDL problem description based
on the observation of the current state using embodied per-
ception. These textual descriptions are then fed into LLMs.
After executing the generated action, the current observa-
tion changes, prompting the reconstruction of the PDDL
problem. This process is iteratively executed, enabling our
method to achieve both long-horizon planning and interac-
tive planning capabilities.



Problem Formulation

We aim to address long-horizon mobile manipulation tasks
that necessitate both symbolic and geometric reasoning from
a natural language instruction ¢ and the initial state of the
environment. We assume an open-world setting, wherein
the robot operates without prior knowledge of task-relevant
objects or other ground truth information. Instead, it relies
solely on data acquired through its embodied perception sys-
tem and a prebuilt voxel map for navigation.

We utilize an LLM planner with a library of skills LY =
{11, 12, -+, 1, }. Each skill 4 is associated with a single-
timestep Markov Decision Process (MDP) (Sutton and Barto
2018; Lin et al. 2023), which is denoted as (S, A, R, T, p).
S is the state space, A is the action space, T : S x A — S
is the transition function, R is the reward function, and p is
the distribution of the initial state. Each action a is a skill
1 € LY, which is a parameterized primitive ¢(). When an
action is executed, a parameter « is sampled from the LLM
planner and fed to its primitive ¢(«), which executes a series
of motor commands on the robot. If the action succeeds, it
receives a binary reward of r.

The Planning Objective

The objective is to find a sequence of actions {ay,---,amg},
denoted as aj.z7, that can achieve the given instruction <.
We use an interactive planning method that considers ac-
tion feedback and proposes several candidates at each time
step. Thus, the objective at time step ¢ € {1 : H} can be
expressed as the joint probability of skill sequence a;.;; and
binary rewards r;. g given the instruction ¢ and the current
state sy:

p(at:H7 Tt:H|7:a St) = p(at:H ‘ iv St)p(rt:H | 7:3 Sty at:H)
H H
= H plaz | i, St:z, Gpz—1) H P(re | Stz At.z),
=t
where the former term represents the probability that the ac-
tion sequence a4,z Will satisfy the instruction ¢ from a sym-
bolic perspective. We define the action sequence optimality
score S,p = Hf:tp(am | 4, St:2y @t:—1), Where the proba-
bility of the next skill a,, is considered in terms of the current
state sy, predicted s;4 1., and planned a;.,,—; and is thus in-
dependent of prior rewards r1.,_1. It captures the utility of
the action sequence ay.p with respect to satisfying the in-
struction ¢ on current state s;.

The later term of Equation 1 represents the probability
that the action sequence a;.fy achieve rewards 7. ;y when ex-
ecuted from the state s;, which is conditionally independent
of the instruction ¢. We consider the success probability of
the action sequence Hf:t p(re | Stw,at..) as feasibility
score Syp. The sequence of actions {a,---,an} is feasi-
ble if the robot can approach each action successfully, i.e.,
the reward sequence 7.7 are all equal to 1. If even one skill
fails, then the entire action sequence fails.

ey

=t

Methodology

As illustrated in Figure. 2, we propose the Instruction-
Augmented Long-Horizon Planning (IALP) system to in-
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Promptable on, in, holding, opened

at, find, graspable, placeable,

Grounding Mechanism detected, reachable

Table 1: Promptable and grounding mechanism-based pred-
icates.

fer actions for solving long-horizon tasks in a close-loop
manner. Firstly, the system augments the user instruction
into a PDDL problem through promptable and grounding
mechanism-based predicates. These predicates utilize 2D
and depth information obtained from embodied sensors,
along with a primitive skill library LY, to represent the
current state. Based on augmented instruction, we utilize
the LLM planner to generate K action candidates, from
which the optimal action is selected based on the highest
token probability. The system’s extensibility and flexibility
are demonstrated by the capability to incorporate additional
promptable and grounding mechanism-based predicates as
required by the task.

Instruction Augmentation

To provide efficient and sufficient task-related knowledge
for the planner, we leverage off-the-shelf visual foundation
models, specifically the SAM and CLIP, among others, ac-
cessed via designated APIs. This approach facilitates the
construction of the PDDL problem by augmenting the tex-
tual human instruction 7 with embodied sensors. The LLM-
based planner requires a domain description D that defines
a set of predicates (e.g., reachable) and actions (e.g.,
move), as well as a problem description P for each task.
The problem description defines the task by specifying the
init state and goal state using a list of predicates defined
in the domain file.

Predicates. We consider utilizing a predicate library £X =
{x',---,xM}, as shown in Table 1, to describe the cur-
rent observation and feasibility feedback. Each predicate is
a binary-valued function over objects. For example, £ind
represents a binary-valued function, with book serving as
the object argument for predicate (find book). This li-
brary consists of four promptable predicates that can be ad-
dressed through prompt engineering based on the reasoning
ability of state-of-the-art LLMs, such as holding and on,
and six predicates determined by grounding mechanisms,
such as find and reachable. For promptable predicates,
LLMs will generate “True” or “False” based on textual or
multi-modal inputs prompted by designed prompts. For ex-
ample, if the robot successfully takes the book from the ta-
ble, LLMs might respond “False” to (on book table)
and “True” to (holding book).Grounding mechanism-
based predicates are primarily employed for generating fea-
sibility feedback, as detailed in Section Feasibility.
Actions. The robot is equipped with a primitive action
library £¥, which is inherently imperfect and frequently
cause unforeseen situations. We list seven actions in Table
2 each associated with a preconditions set 1P and effects ¢
of executing the action. An action is feasible to execute if
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Figure 2: The proposed IALP system is designed to complete long-horizon mobile manipulation tasks in real world environ-
ment. Firstly, it constructs a PDDL problem for the task at current state by utilizing promptable and ground truth predicates
derived from embodied perception and the skill library. Then, the robot executes the actions generated and selected by the LLM
planner based on the constructed PDDL problem. The system operates in a closed-loop manner until the task is completed.

Actions Preconditions )” Effects )¢

move (find ob7j) (at ob3j)
(at ob7j)

scan (not (detected obj)

(detected obij))

(at ob3j)
(detected obj) . .

grasp (reachable obj) (holding obj)
(graspable obj)
ﬁiiliii) ob) (not

place g J (holding obj))
(peaceable pla) (on obj pla)
(reachable pla) Jp

lift (holding obj) (holding obj)

pull (holding obj) (opened obj)
ﬁiiliii) ob) (not

insert ( eaceagle jla) (holding obj))
p p (on obj pla)

(reachable pla)

Table 2: Preconditions and effects of actions in PDDL. ob j
and pla refer to the name of the object and peaceable space
involved in the action.

and only if all the predicates in its precondition set are eval-
uated as “True”. A reward of 1 is received if the robot suc-
cessfully executes with the effects representing the expected
state changes. For example, move (ob7j) denotes the mov-
ing action with a primitive function ¢: move and its param-
eter a: obj. This action can be executed only if there’s at
least one path from the current position to the ob J.

Current state. Unlike the definition in the original PDDL
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paper, which uses : init as the initial state of the task, we
utilize it to represent the current state s; at every timestep
t. We initially employ LLMs to identify task-specific ob-
jects relevant to the current task. For instance, given the in-
struction “Take the blue jacket on the cloth hanger to the
door”, the objects “blue jacket”, “cloth hanger” and “door”
are extracted. Subsequently, utilizing these identified objects
and the provided instruction, we apply the list of prompt-
able predicates (Table 1) to derive knowledge about the cur-
rent state. This includes determining the spatial relationships
among the objects and the status (e.g., whether an object is
being held or if a drawer is open) of the manipulated object.
Goal state. Given an instruction ¢, a set of objects o to be
used in the current task is first generated by the LLM. Based
on predicates library £X, we use the LLM to predict a sym-
bolic goal g, which is a set of predicates grounded over ob-
jects o in the scene, to satisfy the instruction.

Feasibility

‘We employ an interactive planning approach, which involves
replanning at each time step to allow the planner to adapt
even if previous actions failed. Thus, here we consider the
feasibility score of planning single time step, i.e., Sy, =
p(rt|st, ar). We aim to maximize the probability p(1]s;, a;)
of achieving a reward of 1 at state s; by performing action
at, as determined by the LLM planner. The entire action se-
quence ai.x fails, denoted by Sy, = 0, if at least one ac-
tion fails, i.e., s = 0,3t € {1 : H}. Two primary factors
influence the probability p(1|st, a:). First, the feasibility of
executing the action a; at state s;, such as whether the object
to be manipulated can be grasped. Second, the likelihood of
the action a; succeeding when it is feasible. For instance, a
robot cannot move toward a blue jacket if it cannot identify a



feasible path. When there’s a feasible path, navigation errors
can still cause the action to fail.

To address the first factor, we aim to enhance the proba-

bility of action feasibility by providing more detailed fea-
sibility feedback. We introduce six feasibility predicates,
comprising two navigation predicates and four manipulation
predicates, to maximize the feasibility score Sy, thereby in-
creasing the likelihood that the generated actions can be suc-
cessfully executed.
Navigation feasibility. Upon receiving an action to move
toward an object, the robot must ensure the existence of at
least one viable path from its current position to the target
object. We utilize the predicate £ind to represent this de-
termination and at to record the robot’s current position.

To achieve this, we constructed a voxel map to provide
a static representation of the current environment, employ-
ing the natural language mapping approach proposed by
(Chen et al. 2023; Liu et al. 2024). This method maps visual-
language embeddings of objects to their corresponding posi-
tions. We then use the SAM to generate masks for all poten-
tial objects (extracted from the current state) within the envi-
ronment. From those masks, we extract corresponding crops
¢, including 2D image crops crgp and depth crops cp. Ob-
ject embeddings e, are obtained via CLIP to encode image
crops crap, while the corresponding position (24, Yo, 2o)
are derived from depth crops cp. For a given object language
description [,,, we first convert it to a semantic vector e/, us-
ing the CLIP text encoder. The spatial position of an object
language description [, can be extracted by sampling from
the voxel map, where the dot product between the image-
encoded vector e, and text-encoded vector e/ is maximized.
The A* algorithm is employed to identify a path from the
current position to the target position. For at predicate, we
assume the robot will reach the target position after execut-
ing the action to move to the object.

Manipulation feasibility. We employ predicates
detected, graspable, placeable and reachable
to evaluate whether an object can be manipulated.

When the robot arrives at the object, we first ensure that
the object is within the camera’s field of view, denoted
by predicate detected. To achieve this, we utilize the
LangSAM (Medeiros 2023) model, which extracts the de-
sired object’s mask based on the object language descrip-
tion [, and the image captured by the robot. For determin-
ing the predicates graspable and placeable, we em-
ploy the grasping and placing heuristics proposed by (Liu
et al. 2024) which utilize foundational VLMs to verify and
generate graspable poses and placeable areas. A pre-trained
GraspNet (Fang et al. 2023) is used to generate several po-
tential grasps for the robot, with LangSAM masks filtering
the object-related grasps. The optimal placeable location for
various surfaces is determined by first segmenting and align-
ing the point cloud, then calculating median coordinates
and identifying the maximum height of the placeable ob-
ject. For predicate reachable, we query these grasp poses
in the pre-computed reachability map, where the reachabil-
ity of any SE(3) end-effector pose of a robot is determined
(Jauhri, Lueth, and Chalvatzaki 2024; Zacharias, Borst, and
Hirzinger 2007; Vahrenkamp, Asfour, and Dillmann 2013).
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White Table
Bookshelf
A‘ 1
Figure 3: The room environment we used in our tasks. The
position of the yellow star is the initial state of the robot.

We exclude any grasps that cannot be reached in the cur-
rent state by computing a grasp reachability index for each
candidate grasp. This map is created by executing forward
kinematics for numerous joint configurations and recording
the visitations and manipulability of the 6D voxels visited
by the end-effector.

Optimality

We aim to maximize the optimality score .S,, of the action
sequence ay.y at time step t. Given our interactive planning
method, which involves planning actions at every time step,
the objective of the optimality score for planning at a single
time step in state s; is to maximize the probability p(a¢|i, s¢)
of next action a;. This probability is independent of prior re-
wards 1.4 and actions aj.¢4—;1. Given the PDDL problem
P of a specific task, domain D, and user instruction 7, we
first query the LLM planner to generate K candidates ac-
tions {a},---,al} at state s;. We then compute the opti-
mality scores S,;, by summing the token log probabilities of
each action’s language description. These scores represent
the likelihood that af is the optimal skill to execute from a
language modeling perspective to satisfy instruction 7. The
action with the highest token probability is then selected as
the optimal action, i.e.,

a; = argmaxpy(a¥|i,D,P), k€ {1,---,K}. (2

where p; is token probability of action.

Experiments
Experimental Setup

We conducted five long-horizon tasks, each consisting of
several skills commonly used in real-life scenarios, as de-
tailed in Figure 3 and Table 3, to evaluate the performance
of the proposed system in real-world settings. Each task
was accompanied by a natural language instruction %, and
the robot initiated from the initial state at the beginning
of each task. The experiments were carried out using the
Tiago++ (Pages, Marchionni, and Ferro 2016) mobile robot,
which is equipped with wheels and two 7-degree-of-freedom
arms. The robot features an integrated RGB-D camera on
its head, which is utilized for perception throughout the
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Figure 5: The token probability of action candidates generated by the LLM planner for five long-horizon tasks.
Task Instruction alert action to report issues to a human operator.
Pick the paper box on the wooden table . . . .
Place box 4 place it on the black table. Mobile Manipulation Tasks with the LLM Planner
Take jacket Take the blue jacket on the cloth hanger Planning results. We investigated the capability of the LLM
i to the door. i planner to perform zero-shot planning for long-horizon tasks
Take pillbox Take the pill box in the drawer to me. based on the robot’s perception and a pre-built voxel map.
Insert book Take; the book from the black table and We recorded the actions and constructed PDDL problems
put it on the bookshelf. for five long-horizon tasks, with the results for the “Take
Lift bucket Lift the blue bucket to the white table.

Table 3: The five long-horizon tasks and instructions em-
ployed in our experiments.

tasks. For motion planning of the robotic arms, we em-
ployed Pinocchio (Carpentier et al. 2019). High-level plan-
ning and promptable predicate checking were performed
using the gpt-4o (Achiam et al. 2023) model. We used
three computers: one for controlling the robot with the ROS
Noetic system and others for generating navigation manip-
ulation feedback. The robot employed the adjust action
to modify its position, head tilt, and pane orientation sev-
eral times to make the manipulated object feasible to grasp
if certain manipulation feasibility predicates were not met.
Seven prompts are used for promptable predicates identifi-
cation, PDDL state and goal generation, and task planning.
For other failed predicates, the robot could always use the
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jacket” task illustrated in Figure 4. Given the instruction,
“Pick the paper box on the wooden table and place it on the
black table,” and with the 2D and 3D images of the current
state, we first construct the current state and goal state with
predicates defined above. Then, we filter and integrate all
possible predicate-object pairs, which are utilized to extract
the knowledge of the environment, by inputting the designed
prompt, available predicates and objects, and user instruc-
tions into the LLM planner. The promptable and grounding
mechanism-based predicates are utilized to generate obser-
vations (e.g., the paper box is on the wooden table), and
feasibility feedback (e.g., £ind a path to the paper box). For
instance, when the robot is at the paper box (as determined
by the visiting records) and the paper box is detected (as
determined by LangSAM), graspable (as determined by
filtering the grasping poses of the paper box generated by
GraspNet), and reachable (determined by the reachabil-
ity map), while the robot is not holding it, then the LLM
planner will generate action primitive grasp with its pa-
rameter paper_box as the optimal action to execute. We



Task Place  Take Take  Insert  Lift
asks box jacket pillbox book bucket
Navigation 27 24 32 88 32
Manipulation 179 75 112 208 256
Planning 106 113 158 145 124

Table 4: The temporal duration (measured in seconds) used
for the completion of tasks in a single successful execution.

Success Rate
o o o
» (o)) (o]

o
[N

IALP
IALP w/o Feasibility Feedback
IALP w/o Optimal Planning

Place box Take jacket Insert book Lift bucket Take pillbox
Figure 6: The success rate of IALP compared with that of
IALP without feasibility feedback and without optimal se-

lection, respectively.

list the actions and PDDL problems generated for the other
four long-horizon tasks on the website.

Optimal actions. To evaluate the optimality of the ac-
tions generated by the LLM planner during the task, we
collected the token probabilities of four action candidates
{a}, -, a}} generated for each action a;, where t € {1 :
H}, across five long-horizon tasks. The results are presented
in Figure 5. The token probabilities exhibit variance due to
the inherent uncertainty in the LLM’s perception of the cur-
rent state. Additionally, we observed that as the task pro-
gresses, the token probabilities of the four candidates con-
verge, due to the reduction in task uncertainty as more in-
formation about the task and environment is provided to the
LLM planner. Furthermore, we observed that as the task pro-
gresses, the token probabilities of candidate actions become
increasingly consistent and higher, corresponding to a de-
crease in task uncertainty as more information about the task
and the environment is provided to the LLM planner.
Temporal duration. We also recorded the navigation, ma-
nipulation, and planning times used to complete these long-
horizon tasks in the real world, with the results presented
in Table 4. These results demonstrate that our method can
accomplish these tasks within a reasonable time.

Ablation Study on Feasibility and Optimality

To evaluate the impact of feasibility feedback and optimal
selection on system performance, we conducted two abla-
tion experiments, excluding either the feasibility feedback
or optimal selection component separately to isolate their
individual contributions to the overall system. All methods
employed GPT-40 as the underlying planner. We generated
20 sets of observations for each task in different settings.
The predicates in each set of observations were randomly
assigned, i.e., set to True with a probability of 50%. We then
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Figure 7: All failure cases of predicate checking in the real-
world experiments across five long-horizon tasks.

HManipulation

. Locomotion
Errors

recorded the success cases of the LLM planner generating
executable actions, as shown in Figure 6. The results indi-
cate that IALP achieves a success rate of over 80% in all
long-term tasks. For the system without feasibility feedback
(labeled as IALP w/o Feasibility Feedback), it encounters
difficulty in generating feasible actions due to the removal of
feasibility predicates such as find and reachable from
the PDDL description. As a result, the success rate is sub-
stantially lower than that of other configurations. For the
system without optimal selection, denoted as IALP w/o Op-
timal Selection, a relatively high success rate is still main-
tained because feasibility checks are applied to all action
generation, which ensures a certain degree of effectiveness
despite the absence of optimal selection.

Discussion

To investigate the types of failure cases in real-world exper-
iments, we conducted 20 trials for each task within a real-
world environment and recorded all occurring errors. All in-
stances of predicate-checking failures were systematically
aggregated and classified into three categories: planning,
promptable, and grounding mechanisms failures. The results
are presented in Figure 7. Planning failures occur when the
planner fails to generate the correct action sequence. In con-
trast, promptable and grounding mechanism failures arise
when predicates listed in Table 1 yield incorrect outputs,
such as incorrect grasp poses for graspable objects. While
15 errors out of 100 may appear insignificant, they represent
a considerable workload in real-world hardware experiments
compared with numerical simulations due to factors such as
hardware issues, noise, and physical limitations.

Conclusion

We propose TALP, a framework that leverages promptable
and grounding mechanism-based predicates to construct an
informative PDDL problem to represent task-relevant infor-
mation of the current state. This enables the LLM planner
to generate feasible and optimal actions in a closed-loop
manner. Despite achieving the anticipated performance, our
system has certain limitations. IALP is dependent on a pre-
defined primitive action library, which restricts the range of
task instructions and impedes the generalization of existing
actions. Future work will focus on developing a more gener-
alized action model capable of learning multiple skills and
enhancing the dynamic reasoning ability of VLMs.
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