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Abstract— Extracting knowledge and reasoning from large
language models (LLMs) offers a path to designing intelligent
robots. Common approaches that leverage LLMs for planning
are unable to recover when actions fail and resort to retrying
failed actions without resolving the underlying cause. We pro-
pose a novel approach (CAPE) that generates corrective actions
to resolve precondition errors during planning. CAPE improves
the quality of generated plans through few-shot reasoning on
action preconditions. Our approach enables embodied agents
to execute more tasks than baseline methods while maintaining
semantic correctness and minimizing re-prompting. In Virtu-
alHome, CAPE improves a human-annotated plan correctness
metric from 28.89% to 49.63% over SayCan, whilst achieving
competitive executability. Our improvements transfer to a
Boston Dynamics Spot robot initialized with a set of skills
(specified in language) and associated preconditions, where
CAPE improves correctness by 76.49% with higher executabil-
ity compared to SayCan. Our approach enables embodied
agents to follow natural language commands and robustly
recover from failures.

I. INTRODUCTION

Generalized robots can assist humans by accomplishing
a diverse set of goals in varying environments. Many such
agents are equipped with a library of skills for primitive
action execution. Here, natural language can enable more
seamless human-robot interaction by leveraging these skill
libraries [1]]. Given a task description or command from a
human, a robot must be able to autonomously propose a
sequence of actions (from its skill repertoire) that realizes the
given task. Critical to such an application is the agent’s abil-
ity to ground skills specified in language to their environment
and reason about state changes from skill execution or the
relevance of proposed actions towards a task’s objective. For
instance, if a robot is commanded to “put away groceries”,
it must ground the concept of “groceries” to objects in its
environment and decompose the task of “putting away” to
meaningful constituent skills from its repertoire.

Thus, extracting actionable knowledge from a large lan-
guage model (LLM) requires context about the agent’s
embodiment and environment state. Related works that ex-
tract plans from LLMs using prompting strategies assume
access to extra information such as: 1) predefined skills
with preconditions [2], 2) visual-language models that de-
termine affordance from observations like SayCan [2], 3)
descriptions of the agent’s goal [3l 4], or 4) descriptions
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of observation and action spaces for reasoning in text-based
video games [5, 16]. These approaches do not efficiently
nor explicitly resolve failure modes during planning: they
either propose actions that are not afforded execution in
the environment (i.e., violate preconditions, such as walking
through a closed door), or resort to exploring the entirety of
an agent’s action library to identify executable actions [2].
We use precondition errors to resolve action failure, mo-
tivated by the vast body of research on planning algorithms
and definitions like PDDL [7]. In these settings, robots
are equipped with a repertoire of skills, each requiring
certain preconditions to be satisfied to afford their execution.
Our method targets the failure mode of executing skills
without satisfying their preconditions in this setting. An
LLM generates/translates natural language into parametrized
skills, producing a sequence of actions for execution towards
completing a task. When a robot or agent fails to execute
an action due to precondition violations, CAPE (Correc-
tive Actions from Precondition Errors) adopts a templated-
prompting strategy to query the LLM for corrective actions
(Figure [T). Our prompts either specify the action failed
or provide explanatory details about the cause of action
failure, flexible to the extent of knowledge accessible to the
robot about its skills or environment. This paper builds on
our previous work [8] with more rigorous analysis, scaled
human evaluation, additional (more competitive) baselines,
and experiments in both simulation and real-world settings.
Our contributions are as follows: we introduce CAPE as
a novel approach for LLM planning that can recover from
failures by proposing corrective actions, using prompts based
on precondition errors. We detail how different ablations
of our re-prompting strategy can be deployed on embodied
systems with large and small skill repertoires. We also
evaluate against several baselines [3| 2] to show that CAPE
achieves near-perfect executability and more semantically
correct plans for various tasks executed on a Boston Dynam-
ics Spot robot and a simulated agent in VirtualHome [9]].

II. BACKGROUND

In-Context Learning: Brown et al. [10] introduced GPT-
3: a 175 billion parameter LLM capable of few-shot learning
novel tasks (including Q&A, arithmetic, and comprehension)
by prompting the LLM with in-context task examples used
for structural and syntactic guidance. This approach offers
much greater sample efficiency and task generalization over
learning tasks with fine-tuned pre-trained latent language
representations [11} |12} [13]] and zero-shot inference [14]. In-
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Qualitative results of CAPE for robot execution of the task "prepare for a run". We highlight 2 cases where re-prompting with precondition error

information resolves action failures (left: resolving prerequisite for walking by standing; right: resolving one-armed manipulation constraint).

context learning performs best when examples are relevant
to the test task; we retrieve in-context examples based on
their semantic similarity to a task [15} [3].

Open-Loop Plan Generation: CAPE extends the open-
loop framework of Huang et al. [3], which generates plans
for a task zero-shot without environment feedback. Given a
query task Q, first an example task T and its plan are chosen
from a demonstration set as a contextual example for the
Planning LLM; T is selected to maximize cosine similarity
with the query task Q. The Planning LLM auto-regressively
generates actions for task Q in free-form language (a;) via
in-context learning. The Translation LLM then utilizes a
BERT LM (Sentence-BERT [16]]) to embed free-form actions
(ay) to the most semantically similar (i.e., cosine-similar)
admissible action from the agent’s repertoire (a.). Here, an
admissible action refers to the language description of the
action. The chosen admissible action (&) is then appended
to the unfinished prompt to condition future auto-regressive
step generation on admissible actions. We investigate how
to plan in a closed-loop setting by leveraging precondition
error feedback as an auxiliary mode of information.

Affordance and Preconditions: Action preconditions and
effects are commonly adopted in robot planning domains,
such as those using PDDL [[7] or STRIPS [[17], where robots
have access to a library of predefined skills. Affordance
models factorize states into preconditions, where affordance
is defined by independent state components that must be
satisfied for execution. This can be formalized by the options
framework [18]], where options O(S) over the state space S
form a set of temporally extended actions equivalent to those
in an agent’s skill repertoire. An initiation set of an option
1 (0) defines the states in which option execution is afforded
(akin to preconditions), while a termination condition (S)
describes the terminal state of the skill. If the current state
fails to meet the initiation state of an option, a precondition
error arises. Environment states in these domains can be
factorized in a semantically meaningful manner to evaluate
the validity of preconditions for a skill, thus enabling a
skill’s affordance to be measured. Learning and modeling
preconditions have been largely studied in model-based
approaches that leverage symbolic planning [19} 20]. Our
work investigates how these preconditions can be leveraged
to improve planning using LLMs.

III. METHOD

Given a task specified in natural language, we use LLMs
to generate a plan. When an agent fails skill execution, CAPE
injects precondition errors into a prompt for plan repair.

A. Plan Generation via Re-prompting

In control theory, a closed-loop system relies on feedback
from its outputs for adaptive control [21]. Similarly, when
the LLM proposes an action not afforded execution (output),
CAPE closes the loop by injecting the corresponding
precondition error (feedback) into a corrective prompt
(see Figure [2), allowing the LLM to adaptively correct
the generated plan. Certain errors require more context
about the agent’s state, action history and environment. For
instance, correcting the VirtualHome [9] error <character>
(1) does not have a free hand when executing
"[GRAB] <obj> (1) [1]" requires knowledge of objects
previously / currently grabbed by the agent and available
adjacent receptacles on which held objects can be dropped,
to free the agent’s hands. Our corrective prompts are
composed with the following segments of feedback:

Contextual Information: includes relevant context and
action history upon action failure, i.e., query task Q and
query steps up to the failed action.

Precondition Error Information: optionally includes
details on violated preconditions, tailored to the degree
to which the agent can assess precondition violations.

For the Translation LLM to ground language steps, we
must assume the agent is equipped with a repertoire of
skills admissible to the environment. Preconditions only
need to be defined for each parametrized skill. More im-
portantly, the Planning LLM used by CAPE has no explicit
knowledge of the agent’s skills nor their preconditions (i.e.,
logical propositions assessing a skill’s affordance) during
re-prompting. Instead, we evaluate the current environment
state using preconditions (logical propositions) defined for
each parametrized skill to identify precondition violations
or errors. Although the environment state and preconditions
are external to the LLM, linguistic error information can be
integrated into the corrective prompt. As a result, the Plan-
ning LLM has to infer the cause of failures and environment
mechanics over a wide layer of abstraction (based only on
the context from corrective prompts and the agent’s action
history) before proposing an appropriate corrective action.
CAPE can be applied to planning domains where skills are
represented using preconditions and effects described using
symbolic propositions (e.g., PDDL [7], STRIPS [17], or
LTL [22]). Since preconditions are well-defined in these
representations, minimal effort is required to integrate ap-
propriate language feedback for precondition violations.

Re-prompting Strategies: CAPE’s re-prompting ablations
provide varying degrees of precondition error detail in both
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