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Abstract—Enabling robotic agents to perform complex long-
horizon tasks has been a long-standing goal in robotics and
artificial intelligence (AI). Despite the potential shown by large
language models (LLMs), their planning capabilities remain
limited to short-horizon tasks and they are unable to replace the
symbolic planning approach. Symbolic planners, on the other
hand, may encounter execution errors due to their common
assumption of complete domain knowledge which is hard to
manually prepare for an open-world setting. In this paper, we
introduce a Language-Augmented Symbolic Planner (LASP) that
integrates pre-trained LLMs to enable conventional symbolic
planners to operate in an open-world environment where only
incomplete knowledge of action preconditions, objects, and prop-
erties is initially available. In case of execution errors, LASP can
utilize the LLM to diagnose the cause of the error based on the
observation and interact with the environment to incrementally
build up its knowledge base necessary for accomplishing the given
tasks. Experiments demonstrate that LASP is proficient in solving
planning problems in the open-world setting, performing well
even in situations where there are multiple gaps in the knowledge.

I. INTRODUCTION

Enabling robotic agents to perform complex long-horizon
tasks has been a long-standing goal in robotics and artificial
intelligence (AI). To accomplish long-horizon tasks, it is
crucial to decompose such a task into a sequence of proper
actions with preconditions to ensure that the actions can be
correctly executed by the robotic agent, and with effects to
ensure that each of the subgoals and eventually the final goal
can be reached.

The emergence of Large Language Models (LLMs) in var-
ious natural language understanding and instruction following
tasks [19, 17, 21] motivates the use of LLMs in robotic task
planning, aiming to exploit the commonsense reasoning capa-
bility of LLMs. Recent studies have demonstrated the capabil-
ities of LLMs in task planning [8, 2, 9, 12, 22]. For example,
[2, 9] proposed to prompt LLMs to directly synthesize robotic
actions based on robot capabilities and adapt to the objects
available in the environment. On the other hand, some works
[12, 22] provide LLMs with code-style prompts that contain
task information, hints, and few-shot examples to synthesize
executable codes for robots. Despite these endeavors in task
planning, growing evidence [24] suggests that achieving long-
horizon tasks still poses challenges to LLMs. A recent work,
Demo2Code [25], presents textual demonstrations as supple-

(c) Visualization of execution failure.
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(:action pour_liquid
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(holding ?r ?obj1)
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Fig. 1: An illustrative example of the challenge in open-world task
planning is that the knowledge (i.e., domain and problem files shown
in (a) and (b)) of the symbolic planner can be incomplete. This causes
the execution failure of the planned action as depicted in (c).

mentary information to generate code for controlling robots in
long-horizon tasks. However, the textual demonstrations must
be detailed and complete to accomplish the task.

Planning with symbolic representations is a systematic
approach to synthesizing verifiable plans against a set of
specifications of the environment for robotic agents. However,
hand-crafted symbolic representations may not be able to
capture all constraints of a planning problem, resulting in
unexpected failures during execution. A few changes in the
environment may require a major rewrite of the symbolic
plans, making it a tedious process for controlling a robot.
For example, in Fig. 1, consider a scenario where the robot
is assigned the task of heating milk. The milk is initially in
a bottle that is not microwave-safe, therefore it needs to be
transferred to another microwave-safe container for heating.
But the action pour liquid may lack a precondition “the target
object should be able to contain liquid”, resulting in the
robot pouring the milk from the bottle to any object in the
scene, or a sandwich in this example as shown in Fig. 1.
This action led to an unexpected effect “the milk spilled onto
the table”, which is recognized as an execution failure. This
example showcases that the risk of incomplete knowledge
about the deployment environment hinders applications of



symbolic planning in open-world environments where the
objects of interest may change and novel preconditions may
be necessary to accomplish the same goal.

In this paper, we propose a Language-Augmented Symbolic
Planner or LASP. This framework integrates pre-trained large
language models to enable conventional symbolic planners to
operate in an open-world environment where only incomplete
knowledge of action preconditions, objects, and properties is
initially available. Like humans, LASP will interact with the
environment to collect information and incrementally build
up its knowledge base necessary for accomplishing the given
tasks. When an execution plan encounters an error alongside
the observation of this error, LASP can utilize the LLM to
diagnose the cause of the error based on the observation and
identify the missing element in the current plan. Recall the
example in Fig. 1, LASP can reason the target of the pouring
action must be a container based on the observation that the
milk spills onto the table. Based on this identified precondition
and the goal of the task, LASP can select suitable objects in
the environment to expand its knowledge base.

This brings a few clear advantages to LASP. First, LASP
keeps the advantages of interpretability, verifiability, and
composability that symbolic planning possesses. In addition,
the observation-based reasoning mechanism enables LASP
to correct errors encountered during plan execution. Unlike
COWP [3] that relies on the provided factors that may cause
errors, our LASP is designed to automatically identify the
potential causes of the errors based on the observations.

In summary, the contributions of this work are as follows:
1) We introduce LASP, a novel framework that integrates

pre-trained large language models to enable conventional
symbolic planners to operate in an open-world environ-
ment where only incomplete knowledge of action pre-
conditions, objects, and properties is initially available.

2) Experiments demonstrate that LASP is proficient in
solving planning problems in the open-world setting,
performing well even in situations where there are
multiple gaps in the knowledge.

II. RELATED WORK

A. Task Planning

Classical Task Planning. Task planning aims to determine
the sequence of actions that a robot should perform to achieve
a specific goal. Conventional methods transfer this planning
problem to a search problem via symbolic planners [6, 7].
They define the planning problem in a declarative language,
such as planning domain definition language (PDDL) [1, 4],
specifying the initial state, goal, and a set of actions that the
robot can take to transition between states. The algorithms
then search through the space of possible action sequences to
find a plan that starts from the initial state and reaches the
given goal. However, the symbolic planner relies on complete
domain knowledge which encompasses all the constraints of
the environment to search for a valid solution. This is hard and
tedious for a non-expert to tailor. To address this challenge,

Lin et al. [13, 14] proposed an approach to repair flawed action
preconditions and effects in the planning models to make the
plans viable, focusing on scenarios where the planning models
contradict the provided valid plans. Gragera et al. [5] proposed
an automated planning approach to repair planning models
with incomplete action effects, allowing symbolic planners to
generate solutions for tasks that were originally unsolvable.
Besides, Sreedharan et al. [23] introduced a method using
hierarchical abstractions to generate explanations for unsolv-
able planning problems. These explanations can be further
utilized for the planning model repair to make the planner
find a solution. In our work, we focus on enabling symbolic
planners to operate in the open-world environment where
only incomplete knowledge of action preconditions, objects,
and properties is initially available. When planning with such
incomplete knowledge, the planner may generate an invalid
plan that leads to execution errors. Our proposed LASP can
leverage LLMs to repair the planning model based on the
textual observation of the execution error, enabling the planner
to find a valid solution. Compared to the works by Liu et
al. [13, 14], which repair the planning model to make the
provided valid plan viable, our proposed LASP starts with
an incorrect plan, refining the planning model to find a valid
plan. In contrast to the work by Gragera et al. [5] which can
repair missing action effects, LASP is able to repair missing
action preconditions, properties, and objects. Unlike the work
by Sreedharan et al. [23], our work mainly focuses on repairing
the incomplete planning model and enabling the symbolic
planner to find solutions rather than explanations. Besides, our
method does not conflict with these works and can be used in
conjunction with them.
Planning with LLMs. Recently, after training on massive
data, LLMs have acquired rich commonsense knowledge
and demonstrated powerful in-context learning ability. Con-
sequently, numerous researchers are exploring applications of
these models in task planning. Huang et al. [8] attempted
to query LLMs to predict actions for task completion with
several demonstrations and the task description in natural
language. Ahn et al. [2] proposed SayCan to ground the free-
form output of LLMs in robotic affordances. Some works
[12, 22] provided code-style prompts to LLMs and required
LLMs to generate codes that the robot can execute directly.
However, a significant drawback of existing LLMs is that
they exhibit limited proficiency in undertaking long-horizon
planning endeavors for complex tasks [24]. Wang et al. [25]
introduced Demo2Code to leverage textual demonstrations as
supplementary information to generate code for controlling
robots in long-horizon tasks. However, Demo2Code relies on
detailed and complete textual descriptions of completing the
task. Therefore, some researchers [15, 26] explored using
LLMs to translate the task description from natural language
to PDDL and leveraged the symbolic planner to solve the
planning problem. In this work, we leverage LLMs to enable
symbolic planners to operate in an open-world environment
where only incomplete knowledge of action preconditions,
objects, and properties is initially available. When the robot



encounters an error during executing the plan, we utilize the
commonsense reasoning capability of LLMs to identify the
cause of the error, and further refine the planning model. Ad-
ditionally, in instances where the planner cannot find a solution
due to the incomplete object set, we harness the commonsense
reasoning ability of LLMs to supplement missing objects,
thereby facilitating the planner in reaching a solution.

B. Robot Error Correction

Recovering from failure or correcting an error is a sig-
nificant capability for robots, especially in scenarios where
interactions occur with non-expert users or in the absence
of human assistance. Liu et al. [16] proposed REFLECT, a
framework that utilizes LLMs to summarize robot experiences,
explain the error, and predict actions to correct the error
directly. Huang et al. [9] introduced Inner Monologue that can
leverage a variety of sources of feedback from the environment
and humans for replanning to predict new actions to continue
completing tasks. Compared to the works by Liu et al. [16] and
Huang et al. [9], our proposed LASP can avoid repeating the
same errors after correction. Besides, Ding et al. [3] designed
COWP to identify possible errors in a plan based on the
provided situation and utilize LLMs to augment the robot’s
action knowledge to find a new plan to correct the possible
erroneous actions. In contrast to COWP [3], our proposed
approach can eliminate the dependence on provided error
factors and identify potential sources of errors.

III. BACKGROUND AND PROBLEM STATEMENT

In this work, we employ a PDDL-based symbolic planner
to perform task planning.

a) Planning Task: A planning task is defined as a tuple
P = (O,R, s0, g, A), consisting of the following components:

• O is the set of objects in the planner’s internal world;
• R is the set of properties of each object in O. The

property can be a binary-valued predicate or a numeric-
valued function. We define F as the set of propositions
instantiated from R with respect to O, and 2F refers to
the state space;

• s0 ∈ 2F is the initial state. For each time step t, we
denote st ∈ 2F as the state of this step, i.e., the set of its
true propositions;

• g ⊆ F is the goal description composed of a set of
propositions;

• A is the set of actions that can change the current state
by adding or deleting some propositions. Each action can
be specified by a triplet a = (Pre(a),Add(a),Del(a)),
where Pre(a),Add(a),Del(a) ⊆ F represent the set of
preconditions, the set of added propositions, and the set
of removed propositions that modify the current state.
If an action at is applicable in a state st−1, it implies
Pre(a) ⊆ st−1. And the resulting state st should become
(st−1 \ Del(a)) ∪ Add(a).

The solution to P is a plan consisting of a sequence of
actions π = (a1, a2, ..., an) that can achieve the goal g starting
from s0.

b) Types of Incomplete Knowledge: In our open-world
setting, we assume that O, R, and Pre(a) may be incomplete.
Here, we denote Ō, R̄, Ā as complete object, property, and
action sets.

• Incomplete Pre(a). In this case, the state st−1 before ex-
ecuting action at may not satisfy the actual preconditions
Pre(at), where āt ∈ Ā. This can lead to the agent’s failure
to execute the action at to obtain the desired result. For
example, when the precondition “the target object should
be able to contain liquid” is missing in the precondition
set of action pour liquid, the planner may instantiate an
action of pouring milk from the bottle to the sandwich,
resulting in an execution error.

• Incomplete R. Without a complete set of properties, the
planning task may lack some propositions, for example,
“the target object is a liquid container”. This may lead
to incomplete Pre(a), eventually leading to the previous
error type.

• Incomplete O. Lastly, the lack of a proper object prevents
finding a solution to P . For example, when no object in
O is simultaneously microwave-safe and able to contain
liquid, the planner will not find a solution to the planning
task shown in the heating milk example.

In this work, we focus on refining the aforementioned
incomplete knowledge within the planning task P to find a
plan that can achieve the given goal g.

We assume that there exists a valid solution for the planning
problem with complete domain knowledge. To verify whether
an action can be successfully executed in the environment, we
introduce an oracle that contains the complete domain knowl-
edge for this purpose. When the state of the environment aligns
with the preconditions specified in the oracle PDDL model for
a particular action, it can be successfully executed. Conversely,
if the preconditions are not met, the agent will be given a
few sentences describing the observation d(e) of the error e
during execution failure. In the practical applications, vision-
and-language models[20, 11, 18] can be used to generate a
natural language paragraph describing images that capture the
scene during execution failure, serving as d(e). Given d(e), the
agent needs to infer the cause of the error through interactions
with the environment to refine the planning task, updating the
precondition set for the actions it takes, expanding its object
set O with elements in O, and acquiring novel properties of
an object to enlarge its property set R from R.

IV. METHODOLOGY

LASP enables symbolic planners to solve planning prob-
lems in an open-world setting with the support of LLMs. The
overview of LASP is shown in Fig. 2. While the symbolic
planner can find a solution to a given task if the problem P is
complete, in the case of an incomplete problem, our LLM is
tasked to refine and complete the problem based on the error
observations through interactions with the environment. In the
following section, we first introduce the proposed algorithm
and then elaborate on the functionalities of our LLM.
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Fig. 2: An overview of our proposed LASP, a task planning framework in the open world. The symbolic planner is responsible for finding
a plan to accomplish the given task, and subsequently, the robot executes this plan. Given an initial, incorrect plan, the robot will encounter
some errors during action execution. Our proposed method LASP will invoke the LLM to recursively refine the task planning problem by
supplementing action knowledge to the planner. Moreover, if the planner is unable to find a plan afterward, the LLM can augment the
planner’s task-specific knowledge with necessary objects to assist the planner in finding an error-free solution.

A. LASP Algorithm

As shown in Algorithm 1, the symbolic planner initially
generates a plan π for the given planning problem P (Line 37).
The robot then interacts with the environment by sequentially
executing the actions in the plan. In cases of an execution
error, LASP is provided with a description of the observation
regarding the error (d(e)) and then it invokes a recursive
function REFINE AND REPLAN to refine the planning problem
according to the error observation d(e).

In the step of refining the planning problem, LASP first
utilizes the LLM to infer potential reasons causing the error
(Line 19). Based on the list of potential reasons, LASP
employs the LLM to progressively generate a precondition
regarding the action, i.e., REFINE PREC AND PROP SET, and
add it to the planner. If the existing properties are insufficient
to express the precondition, LASP also will add corresponding
new properties to the planner. However, adding a precondition
does not guarantee a solution due to the lack of a suitable
object. Hence, LASP then tries to search for a suitable object
from O using the LLM to augment the planner’s knowledge
by using the function REFINE OBJECT SET.

After each refining step, the symbolic planner undergoes
a replanning step. If a new plan π′ is found, it will be
executed to check whether the goal is reached. There are three
possible outcomes: (1) the robot accomplishes the task; (2) the
robot encounters a new error observation (i.e., d(e′) ̸= d(e),
where e′ and e refer to the new error and the previous one,
respectively, that are latent and not observable); (3) the error is
not corrected. For the second situation, LASP will recursively
continue the refining and replanning step. For the last, LASP

will iterate over all potential reasons to refine the problem.

B. Functionalities of LLM

In our proposed algorithm, the LLM plays five roles: (1)
cause analyzer, (2) action precondition generator, (3) property
completeness evaluator, (4) NL-to-PDDL translator, and (5)
object expander. The first four modules (or functions) are
designed to correct errors during action execution, while the
last function is intended for scenarios where the planner cannot
find a solution due to the lack of objects.

In the following, we give an example to walk the reader
through these LLM-empowered functions. We denote the
variables in a template prompt as [$VARIABLES$] and
we provide examples of actual textual descriptions for some
variables.

Cause Analyzer. The cause analyzer is designed to gener-
ate potential causes of the execution error. We provide a rich
context to the LLM, allowing it to have a clear understanding
of the robot’s objective, what it has done, the incorrect action
it has taken, and the corresponding observation. This enables
the LLM to make reasonable speculations about the causes of
errors.
Prompt: You are expected to provide possible reasons for errors
in robot actions, where errors are essentially unexpected outcomes.
You are given the robot’s task, the historical actions, the action
that caused the error, and the observation of the error. [$OUTPUT
REQUIREMENTS$]
Given [$ROBOT TASK$]: The robot’s task is to heat the milk and
place it on the table.



Algorithm 1 LASP: Language Augmented Symbolic Planning

Require: Planning Problem P = (O,R, s0, g, A); Symbolic
Planner SP; Large Language Model LLM.

Ensure: Plan π.
// Refine object set O

1: function REFINE OBJECT SET(P ′, d(e))
2: objects = GET CANDIDATE OBJECTS FROM ENV()
3: new object = LLM(P ′, objects, d(e))
4: P ′ = ADD KNOWLEDGE(P ′, new object)
5: return P ′

// Refine precondition set Pre(a) and property set R
6: function REFINE PREC AND PROP SET(P , reason, d(e))
7: new prec, new prop = LLM(P, reason, d(e))
8: P ′ = ADD KNOWLEDGE(P, new prec, new prop)
9: return P ′

// The refining step
10: function REFINING STEP(P , reason, d(e))
11: P ′ = REFINE PREC AND PROP SET(P, reason, d(e))
12: π′ = SP(P ′)
13: if π′ is empty then
14: P ′ = REFINE OBJECT SET(P ′, d(e))

15: return P ′

// Refine and replan recursively
16: function REFINE AND REPLAN(P , π, done, d(e))
17: if done then
18: return P , π, done, d(e) // Stop the recursion
19: reasons = LLM(d(e), π)
20: for reason in reasons do
21: P ′ = REFINING STEP(P, reason, d(e))
22: π′ = SP(P ′)
23: if π′ is empty then
24: continue
25: done′, d(e′) = EXECUTE(π′)
26: if done′ then

// 1) Robot accomplishes the task
27: return P ′, π′, done′, d(e′)
28: else
29: if d(e′) ̸= d(e) then

// 2) New error encountered
30: P ′′, π′′, done′′, d(e′′)

= REFINE AND REPLAN(P ′, π′, done′, d(e′))
31: if done′′ then
32: return P ′′, π′′, done′′, d(e′′)
33: else

// 3) Error not corrected
34: continue

// Error not corrected after all the attempts
35: return P , π, done, d(e)
36: function MAIN( )
37: π = SP(P )
38: done, d(e) = EXECUTE(π)
39: if not done then
40: ∗, π, ∗, ∗ = REFINE AND REPLAN(P, π, done, d(e))
41: return π

[$HISTORICAL ACTIONS$]: The historical actions are:
1. Open the fridge.
2. Pick up the sandwich from the fridge.
3. Put the sandwich on the table.
4. Pick up the bottle from the fridge.
[$ERRONEOUS ACTION$]: The action caused the error is: Pour
the milk from the bottle into the sandwich which is on the table.
[$ERROR OBSERVATION$]: The observation of the error is: The
milk soaked the sandwich and overflowed onto the table, causing a
mess.
What are possible reasons that could lead to this error?

LLM output: Possible reasons:
[$REASON$] 1: Misinterpretation of the task instructions: The
robot was supposed to pour the milk into a container for heating,
not onto the sandwich.
[$REASON$] 2: Lack of spatial awareness: The robot may not
have recognized the presence of the sandwich on the table.
...

Action Precondition Generator. With a potential cause,
the action precondition generator is tailored to produce a few
sentences to describe the precondition of the action to prevent
the error.
Prompt: You are given a robotic action that caused an error and
the reason why this error occurred. You are expected to provide
a precondition for a robotic action to prevent a recurrence of the
same error. [$OUTPUT REQUIREMENTS$]
Given [$ERRONEOUS ACTION$] and [$REASON$].
What precondition should be satisfied to prevent a recurrence of the
same error?

LLM output: [$NL-PRECONDITION$] Precondition: The target
of the pouring action must be a container.

Property Completeness Evaluator. Due to the possibility
of incomplete properties in the planner, the property complete-
ness evaluator is developed to determine whether properties are
missing. Specifically, the LLM will assess whether the existing
properties adequately represent the precondition obtained in
the action precondition generator.
Prompt: You are expected to judge whether the given natural
language described precondition can be expressed by the candidate
predicates and functions, or their respective antonyms. You are given
the natural language described precondition, candidate predicates,
and functions. [$OUTPUT REQUIREMENTS$]
Given [$NL-PRECONDITION$]
[$CANDIDATE PREDICATES$]: (holding ?r - robot ?obj - object),
(is-empty-handed ?r - robot), (is-open ?rec - receptacle), (in ?obj
- object ?rec - receptacle), (on ?obj - object ?loc - location),
(is-microwave ?rec - receptacle), (is-heat-insulation ?obj - object),
(liquid-in ?liq - liquid ?obj - object), (is-microwave-safe ?obj -
object), (can-support ?loc - location).
[$CANDIDATE FUNCTIONS$]: (temperature ?obj - object),
(tolerance-temperature ?r - robot), (liquid-temperature ?liq - liquid).
Can the precondition be expressed by the candidate predicates and
functions, or their respective antonyms?

LLM output: No



NL-to-PDDL Translator. Depending on the output of the
property completeness evaluator, the NL-to-PDDL translator
has two ways to translate the natural language described pre-
condition into PDDL expression. If the property completeness
evaluator determines that the existing properties cannot express
the precondition, the NL-to-PDDL translator can convert the
precondition without requiring the translated PDDL precondi-
tion related to any existing properties. Otherwise, a constraint
is imposed to translate the precondition based on the existing
properties (included in the output of the property completeness
evaluator).

Prompt: Given the action description, the candidate parameters of
the action, the corresponding between instances and parameters,
and a natural utterance, you are expected to translate the natural
utterance into a PDDL precondition expression for the given action.
[$PDDL GRAMMARS$] [$OUTPUT REQUIREMENTS$] and
[$TWO EXAMPLES$]
Given [$ERRONEOUS ACTION$]
[$ACTION PARAMETERS$]: Candidate parameters: the robot,
denoted as ?r; the liquid, denoted as ?liq; the object, denoted as
?obj1; the object, denoted as ?obj2; the location, denoted as ?loc.
[$CORRESPONDENCE$]: Corresponding between instances and
parameters: the agent is ?r; the milk is ?liq; the bottle is ?obj1; the
sandwich is ?obj2; the table is ?loc.
[$NL PRECONDITION$].

LLM output: PDDL expression: (is-container ?obj2)

When a new property is added to the planner, the planner
needs to acquire the values of every existing object regarding
this newly added property for planning. To accomplish this,
we assess the similarity between the newly added property and
properties in the environment, except those already present in
the planning problem. Subsequently, we assign the value of the
most semantically similar property to this new property. This
enables the planner to incorporate values for every existing
object concerning this newly added property into the initial
state.

Object Expander. When a new precondition is introduced
into the symbolic planner, the existing objects in the sym-
bolic planner may no longer be sufficient to meet the new
constraints. Hence, the planner may fail to find a solution.
To address this problem, the object expander is introduced
to add one or more new objects to the planning problem,
thereby allowing the planner to find a solution. Here, we query
the object expander to select a new object to assist the robot
complete the task.

Prompt: You are expected to select the most suitable object from
the candidate objects to prevent a recurrence of the error and assist
the robot complete the task. You are given the robot task, the action
that causes the error, the precondition that the action does not satisfy,
and the candidate objects. [$OUTPUT REQUIREMENTS$]
Given [$ROBOT TASK$] [$ERRONEOUS ACTION$] [$NL PRE-
CONDITION$]
[$CANDIDATE OBJECTS FROM ENV$]: cup, plate, knife.

Which object is most suitable to prevent a recurrence of the error
and assist the robot complete the task?

LLM output: Suitable object: cup.

V. EXPERIMENTS

A. Experimental Setup

a) Evaluation tasks: In our experiments, we designed 4
tasks in the kitchen domain to evaluate the proposed method
LASP: serving fruit, storing fruit, heating sandwich, and
heating milk. For each task, we constructed at least a pair of
incomplete PDDL domain and problem files to test LASP. We
constructed a total of 9 pairs of incomplete PDDL domain and
problem files. Among the 9 test cases, a crucial precondition
is missing in seven domain files and two crucial preconditions
are missing in each of the other two domain files. More
information about the missing knowledge of test cases can
be found in Tab. I.

b) Baselines: To demonstrate the advantages of our
method, we compare with the following baselines:

• Language Models as Zero-Shot Planners (LMZSP) [8] is
a baseline that queries an LLM to generate a plan for a
given task with few-shot examples. In this way, the output
of the LLM is not grounded, so it utilizes a pre-trained
language model to translate each output action into an
available action.

• Inner Monologue [9] predicts an initial plan based on the
prompt that contains the task description, the primitive
actions, available objects in the environment, and few-
shot examples. Subsequently, it replans in response to
feedback from the environment whenever an error is
encountered during plan execution. Here, we provide
information on the action that encounters an error and the
observation of the error to the LLM for its replanning.
Two rounds of feedback are allowed.

• ProgPrompt [22] leverages a code-style prompt to query
an LLM to generate a code to accomplish the given task.
Its prompt includes available action functions, available
parameters to call the functions, and few-shot examples.

c) Evaluation metric: We evaluate the effectiveness of
different approaches regarding the success rate. For each task,
we execute each baseline method five times and report the
average success rate. As for our method, we perform five runs
for each case within a task and report the average success rate
for that specific task across all cases within the same task.

d) Implementation details: We utilize a numeric fast
downward planner1 to search plans for given planning tasks.
Besides, both the baselines and our approach leverage GPT-
4 in the implementation. Additionally, to facilitate providing
diverse descriptions of error-related observations, we leverage
GPT-4 to generate these descriptions based on erroneous
actions, unmet conditions, and reference examples.

1https://github.com/ipc2023-numeric/team-1



Test case Task Missing preconditions Missing properties Missing objects

1 serve fruit Picking up an object requires its weight to be below
the robot’s lifting capacity. weight and lift-capacity apple

2 store fruit Placing an object in the fridge is conditioned upon
the door being open. - -

3 heat sandwich Picking up an object requires its temperature to be
below the robot’s tolerance temperature.

temperature and
tolerance-temperature glove

4 heat sandwich Using a microwave to heat objects is conditioned
upon the door being closed. - -

5 heat milk Pouring liquid from object1 to object2 requires ob-
ject2 can contain liquid. able to contain liquid cup

6 heat milk Wearing the heat-insulator requires the robot not
holding anything. - -

7 heat milk Picking up an object requires its temperature to be
below the robot’s tolerance temperature.

temperature and
tolerance-temperature glove

8 heat sandwich Combination of Case 3 and 4

9 heat milk Combination of Case 5 and 7

TABLE I: Test cases and their missing knowledge for evaluating LASP.

Task Optimal Plan Steps LMZSP [8] Inner Monologue [9] Progprompt [22] LASP (ours)
serve fruit 2 20% 100% 80% 100%
store fruit 3 20% 100% 100% 100%

heat sandwich 10 0% 20% 0% 100%
heat milk 13 0% 20% 0% 85%

TABLE II: Quantitative results of LASP and the language-driven methods in open-world task planning. Our method can achieve superior
results as compared to the language-driven planning methods

Test case Task LASP (ours)
1 serve fruit 100%
2 store fruit 100%
3 heat sandwich 100%
4 heat sandwich 100%
5 heat milk 80%
6 heat milk 100%
7 heat milk 100%
8 heat sandwich 100%
9 heat milk 60%

TABLE III: Success rate of our approach on test cases.

B. Results

The experimental results are shown in Table II. Among
them, our proposed LASP achieves the highest success rate
for all the tasks. We could notice that LASP performs well
in handling both short-horizon tasks (i.e., serving fruit and
storing fruit) and long-horizon tasks (i.e., heating sandwich
and heating milk). Tab. III presents the detailed performance
of LASP on test cases. LASP achieves 100% success rates
in 7 cases with multiple tests. Even in instances where there
are two missing preconditions, as constructed in cases 8 and
9, LASP demonstrates superior performance, achieving an
average success rate of 80%. For long-horizon tasks such
as heating sandwich and heating milk, LASP attains an av-
erage success rate of 91.4% across all test cases related to
these long-horizon tasks. In comparison, other purely LLM-
driven methods exhibit poor performance in handling long-
horizon planning tasks, highlighting the advantage of symbolic
planning, which incorporates logical reasoning mechanisms to
explicitly reason about the constraints and conditions.

For LMZSP, it is difficult to ground the commonsense
knowledge to a specific domain via the few-shot examples,
which leads to its poor performance on all the tasks. For
example, when the robot was asked to finish the task of
storing an apple in a closed fridge, LMZSP instructed the
robot to first grasp an apple and then attempt to open the
fridge. However, it failed to open the fridge because the robot’s
hand was occupied with holding the apple, preventing it from
manipulating the fridge door handle. Inner Monologue lacks
a clear understanding of the constraints on actions and its
own state after each action, leading to frequent omissions
of crucial actions or disruptions in the correct sequencing of
actions. Therefore, it is difficult to generate a long plan for
complex tasks. For example, it instructed the robot to place
the cup on the table when the robot did not hold the cup. For
Progprompt, there are some noise and unforeseen conditions
in its generated codes, which results in its poor performance
for long-horizon planning tasks. For example, it considers the
temperature of the sandwich being higher than the tolerance
temperature of the robot as a precondition for picking up the
sandwich; however, this precondition is incorrect.

The qualitative result is shown in Fig. 3. Starting with the
initial planning task which involves incomplete knowledge of
the action precondition set, the object set, and the property set,
LASP is able to refine the planning task based on the error
observation through interactions with the environment, which
enables the planner to find a plan to accomplish the task.

C. Discussions and Limitations
Firstly, the performance of our approach largely depends

on the capability of the LLM to read PDDL expressions and



Initial planning task

Incomplete object set 𝑶:
agent, glove, bottle, sandwich, table, microwave, 
fridge, milk

Incomplete property set 𝑹:
; each property follows the format: (property 
variable – object_type)
(holding ?r - robot ?obj - object), (is-empty-
handed ?r - robot), (is-open ?rec - receptacle), 
(in ?obj - object ?rec - receptacle), (on ?obj -
object ?loc - location), (is-microwave ?rec -
receptacle), (is-heat-insulation ?obj - object), 
(liquid-in ?liq - liquid ?obj - object), (is-
microwave-safe ?obj - object), (can-support ?loc -
location), (temperature ?obj - object), (tolerance-
temperature ?r - robot), (liquid-temperature ?liq -
liquid)

Incomplete precondition set of 
pour_liquid 𝑷𝒓𝒆(𝒂):
(holding ?r ?obj1) ; the robot is holding object1
(liquid-in ?liq ?obj1) ; the liquid is in object1
(on ?obj2 ?loc) ; the object2 is on location

Initial plan:
1.Open the fridge
2.Pick up the sandwich from the fridge
3.Put the sandwich on the table
4.Pick up the bottle from the fridge
5.Pour the milk from the bottle into the sandwich 
which is on the table
…

5

Initial result

Initial situation

Error observation:
The milk soaked the 
sandwich and 
overflowed onto the 
table, causing a mess.

Execution error:

Refining

Misinterpretation of the task instructions: 
The robot was supposed to pour the milk 
into a container for heating, not onto the 
sandwich.

✓ Potential reason：

The target of the pouring action must be a 
container.

✓ NL-precondition：

(is-container ?obj2)

✓ Add precondition to 𝑷𝒓𝒆(𝒂) :

(is-container ?obj – object) 
✓ Add property to 𝑹 :

(can-contain-liquid ?obj)  

✓
The most semantically similar property in the 
environment: 

(is-container bottle) 

✓ Add proposition to initial state: 

cup

✓ Add object to 𝑶 :

(is-container cup), (is-microwave-safe 
cup) …

✓
Add propositions to initial state:

Final result

Final plan:
1.Open the fridge

2.Pick up the bottle from the fridge

3.Pour the milk from the bottle into the cup 

which is on the table

4.Put the bottle on the table

5.Open the microwave

6.Wear the heat-insulator glove

7.Pick up the cup which is on the table

8.Put the cup in the microwave 

9.Close the microwave

10.Use the microwave to heat the milk in the cup 

11.Open the microwave

12.Pick up the cup from the microwave

13.Put the cup on the table

3 4

Successful execution: 

139

Fig. 3: Qualitative result of LASP for the task of heating milk. LASP is able to refine incomplete knowledge within the planning task and
find a plan to accomplish the task. The snapshots of the execution actions are taken from our simulation platform built on PyRep [10].
Comments are indicated in gray text and start with a semicolon.

translate natural language descriptions into PDDL expressions.
If the initial PDDL expressions are poorly readable by the
LLM, our approach may suffer a performance drop. The failure
cases of heating milk are due to this reason. In these failure
examples, the action precondition generator has synthesized
the natural language described precondition, e.g., “the target
for the milk pouring action is a container” or “the target
vessel must be suitable for containing liquids”, indicating the
target of the pouring action should be a container. However,
the property completeness evaluator falsely inferred these
preconditions described in natural language can be expressed
using existing properties, leading to the failures. This problem
may be solved by translating the PDDL expressions in the
prompts into natural language.

Currently, our approach assumes that an environment can
provide the robotic agent with the true property values at
request. In real-world applications, vision-language models

(or even humans) may wrongly estimate the property value
of an object in the environment. In the future, we intend to
estimate the property values from noisy data using vision-
language models and leverage relationships between different
properties as well as robotic interactions with the environment
to gradually reduce the uncertainty of the estimated values.
This would make LASP applicable to real-world scenarios.

Besides, our approach can update the planner’s knowledge
base only after an action error occurs. In contrast, humans can
update their knowledge by reading books (e.g., a manual) or
watching demonstrations without explicitly triggering an exe-
cution error. Humans can also predict the future states ahead
to verify their actions. In the future, we aim to incorporate
these capabilities into our method.

Additionally, the assumption that the action effects are
complete in our approach may not hold in the practical ap-
plications. In the future, we are going to refine the incomplete



action effects with the help of additional information like
demonstrations.

VI. CONCLUSION

In this paper, we introduce a novel framework that integrates
pre-trained large language models to enable conventional
symbolic planners to operate in an open-world environment
where only incomplete knowledge of action preconditions,
objects, and properties is initially available. LASP keeps the
advantages of interpretability, verifiability, and composability
that symbolic planning possesses. In addition, the observation-
based reasoning mechanism enables LASP to correct errors
encountered during plan execution. Experiments demonstrate
that LASP is proficient in solving planning problems in the
open-world setting, performing well even in situations where
there are multiple gaps in the knowledge.
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