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Abstract

To improve the quality of plans and ensure their alignment
with the real-world environment, existing works have ex-
plored the integration of external knowledge with AI plan-
ning. Most of these approaches are motivated with examples
from real-world scenarios and evaluated on a subset of do-
mains, with a focus on household environments. The collec-
tive choice of certain tasks for evaluation suggests that some
tasks can further benefit from external knowledge than others.
However, the choice of environment in integration methods is
rarely rationalised or justified, and the generalisability of ap-
proaches across domains is not often discussed. In this paper,
we examine the characteristics that influence when planning
tasks benefit from integrating external knowledge, such as se-
mantic and common-sense knowledge, into decision-making
within AI planning. We provide a systematic classification of
these characteristics according to their scope (spanning the
task, domain, problem, and plan) and relate them to the spe-
cific stages of the planning process in which they play a role
– the task description, the search process, post-planning anal-
ysis, and plan execution.

Introduction
The information required to solve a planning task is typi-
cally expressed using the Planning Domain Definition Lan-
guage (PDDL) (McDermott et al. 1998), which provides a
structured description of the environment and the problem.
The knowledge that is available to symbolic planners dur-
ing the planning process is restricted to what is encoded in
the PDDL domain and problem files. The limited presence
of background knowledge in standard planning specifica-
tions means that planners are constrained in their common-
sense reasoning to the knowledge explicitly represented in
the input files. Consequently, planners may lack semantic
and contextual understanding of the actions they consider
and the broader implications these actions may have for the
state of the world. Some efforts have been made to repre-
sent additional information in the planning description, and
provide richer expressivity of planning tasks through exten-
sion of classical planning, such as modelling temporal con-
straints as introduced in PDDL 2.1 (Fox and Long 2003).
Nonetheless, these representations still require an explicit

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

and rigid representation that often cannot be implicitly de-
rived from context or dynamics of the environment. Proba-
bilistic planning aims to plan under uncertainty, with possi-
ble transitions being modelled with probability distributions.
However, Meli, Nakawala, and Fiorini (2023) highlight limi-
tations in probabilistic planning approaches, noting that their
reliance on data-driven mechanisms makes it difficult to cap-
ture temporal and semantic relations, which are often critical
factors for effective task execution.

To address these shortcomings, various approaches have
integrated external knowledge into planning (Tenorth and
Beetz 2009; Kaiser et al. 2014; Conti, Varde, and Wang
2020). This frequently includes semantic knowledge and
common-sense knowledge (CSK), that is, knowledge about
the world that is implicitly understood and assumed by hu-
mans, and is consequently often omitted from textual data
(Ilievski et al. 2021). These integration methods demonstrate
that incorporating knowledge about the environment into the
planning process, based on semantics and context, could in-
fluence the planner’s decision-making by informing it on the
feasibility, preferred ordering, or hidden constraints of cer-
tain actions. Integrating CSK, especially in the forms of spa-
tial, temporal, or causal knowledge, into the planning system
allows for more real-world constraints to be considered, with
the potential to increase the likelihood that a planner finds
a successful plan solution, and that a plan provided by the
planner can be successfully executed in the real world.

Current works on knowledge integration evaluate their ap-
proach on a limited set of planning tasks; however, they do
not typically motivate or reason over the choice of domains
or problems, nor analyse the effect the choice of task has on
the effectiveness of their approach. Nevertheless, the com-
monalities in the choice of tasks across methods suggest
that some tasks are more appropriate for knowledge inte-
gration. The evaluation tasks used in current literature pose
further limitations. In terms of abstraction, many PDDL task
descriptions differ from the tasks used to assess integrat-
ing knowledge into planning, with the latter typically more
closely based on real-world scenarios. For example, objects
in PDDL descriptions are often denoted as symbols (e.g.,
o1, o2 . . . on), whereas existing methods generally assume
objects of different sizes, shapes, or materials. It is there-
fore crucial to analyse the characteristics of task planning
descriptions that help them benefit from external knowledge.



In this position paper, we identify and classify the charac-
teristics that make tasks benefit from integration of CSK and
semantic knowledge. We provide a detailed analysis of task,
domain, problem, and plan characteristics that indicate when
a planning task could benefit from knowledge integration,
expanding on factors related to the representation of each of
these scopes as well as their structure. Additionally, to aid
in choosing the most appropriate integration stage for a task
based on its semantics and structure, we detail the applicable
stage of modification for each characteristic. We classify the
stages of knowledge integration into four: (1) modification
of the task description, (2) integration during the planning
process, (3) post-planning analysis of a plan solution, and
(4) its execution. This work aims to provide the community
with a taxonomy to guide the selection of integration meth-
ods for planning tasks according to their characteristics and
the methods’ stage of modification. Furthermore, this classi-
fication can support authors in selecting appropriate tasks to
further evaluate existing integration methods.

Related Work
External knowledge has long been used to support plan-
ning processes. Current work varies in the types of knowl-
edge incorporated, with a focus on semantic, spatial, and
common-sense knowledge, in the assumptions made about
the environment, and in the planning components it aims
to improve. Several works incorporate semantic knowledge
to support robust task execution in household environments.
Bouguerra, Karlsson, and Saffiotti (2008) utilise semantic
domain knowledge to monitor and interpret the execution of
tasks, proposing two variants: one that assumes determinis-
tic and observable environments, and another that explicitly
models uncertainty. Similarly, Tenorth and Beetz (2009) and
its later extension Beetz et al. (2018) introduce KnowRob, a
knowledge-processing framework that enables robots to rea-
son about the current environment state and select appropri-
ate actions, with a focus on tasks requiring complex manipu-
lation. These works evaluate their models in indoor kitchen
environments, where rich spatial semantics and object re-
lations are essential. More recently, Liu et al. (2024) use
vision-language models (VLMs) to support pick-and-place
tasks without relying on a strict domain definition, also in a
domestic environment.

Another line of research focuses on injecting common-
sense knowledge (CSK) into symbolic planning. Kaiser et al.
(2014) extract CSK from text to augment the domain de-
scription with plausible object-location relations. Their ap-
proach is evaluated in a kitchen environment, focusing pri-
marily on concrete concepts (e.g., containers, appliances)
while filtering out abstract information such as tempera-
ture. They assume domains contain objects and locations
and emphasise spatial relations such as “at” and “on”. They
also highlight the role of type checking in ensuring that ex-
tracted CSK predicates are semantically valid. Al-Moadhen
et al. (2013) enrich planning domains with CSK together
with a semantic map of the environment. Their method ex-
pands available action descriptions in domestic scenarios
by assuming predefined sets of objects, locations, and ac-
tions and linking them through semantic relations. External

knowledge can also improve planning quality by modelling
physical properties of agents and objects. Conti, Varde, and
Wang (2020) demonstrate that providing robots with knowl-
edge about the human characteristics and object attributes
enhances the quality of human-robot interaction and collab-
oration in a vehicle assembly task. They assume heteroge-
neous physical properties among parts, which differ in their
weights, materials, and structures. External knowledge can
also be incorporated to affect the search process. Zhao, Lee,
and Hsu (2023) investigate object rearrangement tasks in
partially-observable household settings (VirtualHome (Puig
et al. 2018)), which involve long-term planning and many
object-interaction actions. Because the number of objects
increases the branching factor substantially, injecting CSK
into the world model further expands the search space. How-
ever, they show that combining this enriched model with
LLM-based guidance can make planning more effective de-
spite the larger space. Their findings highlight that external
knowledge can both help and hinder planning, depending on
the structure of the task, raising the question of when CSK
is beneficial and when it creates unnecessary complexity.

Background
Classical Planning
We adopt the definition of classical planning (Ghallab, Nau,
and Traverso 2004, 2016) as P = ⟨S,A, γ, s0, G⟩, where:
• S is a finite set of possible states,
• A is a finite set of available actions,
• γ : S ×A → S is a state transition function,
• s0 ∈ S is the initial state,
• G ⊆ S is the set of goal states.

Each state s is composed of the propositions which are set
to be true in that state. We define P(s) as the set of propo-
sitions true in state s, and |P(s)| as the state’s cardinality.
Every action a ∈ A has preconditions pre(a), and effects
eff(a) = ⟨add(a), del(a)⟩, such that add(a) are proposi-
tions which are introduced to the state, and del(a) are those
that are removed. We assume that these two sets are disjoint,
i.e., add(a) ∩ del(a) = ∅.

Plan. A plan π = ⟨a1, a2, ..., an⟩, ai ∈ A is a sequence
of actions that solves P , which, if applied to the initial state,
will bring the system to the goal state, i.e., γ(s0, π) = sn
such that sn ∈ G. Let C(π) denote the cost of a plan
π. A plan πopt = ⟨a1, . . . , am⟩, is optimal if C(πopt) =
minπ∈Π C(π), where Π is the set of all plans that solve P .

Temporal Planning. A temporal planning task extends
classical planning by allowing durative actions. For a plan-
ning task P = ⟨S,Ad, γ, s0, G⟩, each durative action a ∈
Ad is a tuple

a = (prestart(a), preover(a), preend(a),

effstart(a), effend(a), dur(a))

where pre{start,over,end}(a) and eff{start,end}(a) are the pre-
conditions and effects that must hold at the start of a,
throughout its execution, or at its end, respectively, and
dur(a) > 0 is the fixed duration of a.



PDDL
PDDL is a formal language used to describe the information
required by the planner to solve a task, namely, the actions,
their preconditions and effects, the available objects, and the
initial and goal states. This representation is defined in a
domain file, which represents the known information about
the environment, and a problem file, which defines the ini-
tial and goal states. A symbolic planner is then used to find
a plan, often through heuristic search such as A*, Greedy
Best-First Search, or other domain-independent heuristics.

Common-sense Knowledge
Common-sense knowledge (CSK) is information that is in-
tuitive to humans and is thus typically not mentioned ex-
plicitly in textual data, including spatial, temporal, and
causal knowledge. CSK is often encoded in common-sense
knowledge bases, which may be specific ontologies and
common-sense knowledge graphs (CSKGs), such as Cyc
(Lenat 1995), ConceptNet (Speer, Chin, and Havasi 2017),
and CSKG (Ilievski, Szekely, and Zhang 2021). These struc-
tured knowledge bases describe objects, concepts, images,
or other data types as entities, with relations that repre-
sent the entities’ real-world characteristics. Large Language
Models (LLMs) have also been increasingly utilised as
common-sense knowledge bases, due to the large amount
of data they are trained on (Petroni et al. 2019; Zhao, Lee,
and Hsu 2023). However, their reasoning abilities are limited
due to their architecture (Li et al. 2022; Bian et al. 2024). In
this paper, we therefore do not consider the use of LLMs for
planning as integration of external knowledge into planning,
and only consider LLMs as a knowledge source when this is
the prescribed role of the LLM agent.

Integrating Knowledge into Planning
Using pure symbolic planning, the planner and the agent ex-
ecuting a plan do not have access to the semantic meaning
of symbols and to the relevant CSK, and their contextual
knowledge is limited to what is represented in the task de-
scription.

While large domains and expressive action descriptions
allow for modelling substantial common-sense information,
they may lead to inefficiencies such as state explosion dur-
ing search. For this reason, we suggest that some CSK may
be better used during or after planning rather than being
explicitly encoded in PDDL. The knowledge that should
be modelled explicitly in the task description would be the
minimal set required to obtain valid plans in an acceptable
time frame for the concrete application. While this may be
domain-dependent, most planning domains rely on abstrac-
tions to make the problem solvable. External knowledge
would then be that which improves the obtained solutions,
either by bridging the abstractions, or improving the descrip-
tion with respect to a specified metric. For instance, making
them more semantically correct or more understandable to a
human.

We specify four distinct stages in which external knowl-
edge may be integrated into the planning process:

1. Pre-planning: Modification of the PDDL domain and
problem, i.e., editing the PDDL domain before the plan-
ner is called.

2. Planning: Restricting the search space, i.e., during plan
search for a specific problem.

3. Post-planning: Analysis of the found plan solution based
on external knowledge before execution, to improve the
plan or choose between plans.

4. Execution: Monitoring the execution stage of a found so-
lution, or repairing a failed plan.

This distinction is crucial, as the environment is repre-
sented at different stages with varying levels of abstraction,
allowing for different types of knowledge to be considered
in various ways with different semantics. For example, the
level of abstraction in the high-level plan created by the plan-
ner could elicit a different type of CSK than during action
execution. This also applies during planning, when the level
of information about the current state and the contextual in-
formation about the taken actions differs from the task de-
scription and the resulting plan. It is therefore the case that
the external knowledge has multiple use cases, depending
on the stage of integration. These include using knowledge
as an additional heuristic, for finding a valid solution to a
problem in less time, or with fewer resources (e.g., reducing
the search space); directing towards optimal solutions, i.e.,
bridging the gap between difficulty of satistficing and opti-
mal solutions; or for finding plans that are more appropriate
for real-world execution.

In the following sections, we detail the characteristics
which make tasks benefit from integrating semantics and
CSK, by their scope: task, domain, problem, or plan char-
acteristics. The characteristics were determined based on an
analysis conducted on common PDDL tasks (e.g. IPC do-
mains (Hoffmann et al. 2006)). The analysis included ex-
tracting applied effects from VAL’s output (Howey, Long,
and Fox 2004) and planners’ search output, with plan steps
and the time taken to find a plan used as heuristics for
complexity. Information from the PDDL files was extracted,
such as numbers of agents and objects in problem, and object
types and action properties in domains. In each section, we
begin with the features related to semantic representation,
followed by those that depend on structural representation.
Finally, in Table 1, we consolidate all characteristics with
the possible stages of integration for each one.

Planning Paradigms
Distinct planning paradigms can benefit from the integration
of external knowledge into the planning process in different
ways. Below, we detail the features of temporal planning,
planning with preferences, and planning under uncertainty
that affect the inclusion of CSK into planning. We regard
classical planning as the standard case, for which CSK is
applicable under certain terms, dependent on the character-
istics of the task.

Temporal planning. In temporal planning, where action
durations are modelled explicitly in the domain definition,
integrating additional temporal knowledge can be used to



create a more realistic and nuanced representation of action
durations in the task description. As a result, the actions exe-
cuted in the found plans would be more reflective of the real
world, which can in turn increase the success and optimality
of plan execution by reducing the gap between the expected
and real duration of actions. It may also be the case that ac-
tions have different durations in different contexts, which
may be inefficient to model in temporal planning, and the in-
formation which influences the action’s duration may not be
modelled in the task description. Temporal knowledge can
be used during search or at the post-planning analysis stage
to estimate action duration based on the state of the environ-
ment, making the expected duration of the plan better match
its actual duration.

Planning with preferences. Planning with preferences
considers soft goals, that is, goals that are desired to be
achieved but are not necessary for a valid plan. The in-
creased and more granular expressivity of tasks when plan-
ning with preferences provides additional semantics that can
be used to improve plan quality. Soft goals can have a prefer-
ence hierarchy, with some being preferred over others. CSK
and semantic knowledge from the PDDL description can be
used to determine goal preferences, for example, by assess-
ing risk and prioritising goals which have been set as safety-
critical. CSK for goal preferences can also be utilised when
there is a time constraint for execution, and some soft goals
may be more important than others, even if they take longer
to achieve. Using external knowledge during search can pro-
vide further granularity in prioritising goals, by considering
the actions previously taken as part of the decision. In this
case, preferences based on common sense don’t have to be
modelled explicitly in the PDDL description but still influ-
ence the planner’s decisions, improving the alignment of the
search process with human decision-making; thus enhancing
the user’s satisfaction with the plan and its execution.

Planning under uncertainty. Probabilistic planning aims
to handle uncertainty in stochastic environments, requir-
ing explicit modelling of the known contingencies. Exter-
nal knowledge can be utilised to automatically consider se-
mantics and context for adjusting probabilities and finding
new possible transitions, by modifying the task description
or by augmenting the search space with contextual transi-
tions. The same approach could be taken for execution mon-
itoring or plan-repair during plan execution. For example,
querying a knowledge base to acquire relevant information
about the current state of the environment can help deter-
mine whether the plan is likely to fail. The knowledge can
also be used for replanning or plan-repair, to find the actions
taken that are more likely to have caused failure.

Similar approaches could be considered for contingent
and conformant planning, where the planner can better con-
sider possible changes with augmented task description,
or during the search process and execution by predict-
ing changes in the environment using causal and temporal
knowledge. In partially-observable planning, some informa-
tion is inherently unknown to the agent. The gap in infor-
mation between the real-world environment and the known
environment could be bridged by using CSK to update the

belief state. CSK could also be used for domain repair; if
a domain includes multiple locations, but some predicates
representing the physical relations between them are miss-
ing from the problem definition, these could be automati-
cally filled according to CSK. For instance, in the Elevator
domain (Koehler and Schuster 2000), this may be (above
f0 f1), which can be implicitly inferred using CSK. In
a household domain, which may contain locations such as
kitchen and living room, external knowledge can be
useful to determine the most probable location of each room
based on the objects it contains and the layout of the house.
This also applies to locations such as cities, whose geo-
graphical location is known. CSK could also be used dur-
ing plan execution, by modelling augmented knowledge as
observations.

Domains
In this section, we detail the domain characteristics that may
impact the benefit of integrating external knowledge into
planning, focusing on the language and semantics used to
represent the domain, the relations between actions and their
characteristics, and the scale and soundness of the domain
representation.

Expressivity. ADL and STRIPS are both description for-
malisms for classical planning. ADL allows a richer expres-
sion of contextual information in predicates, which may con-
tain quantifiers, implications and conditional effects. This
aids with the integration of contextual knowledge directly
into the domain description by allowing additional represen-
tations of explicit information. In particular, external knowl-
edge can be incorporated into the task description to repre-
sent context-dependent consequences of actions by adding
universally or existentially quantified conditions or by us-
ing conditional effects. In STRIPS, under the closed-world
assumption, propositions that are not explicitly stated are in-
ferred as false. CSK could be used to correct or replace facts
that should be true based on causal reasoning, but are not
explicitly modelled. This could be implemented explicitly in
the task description, or rather, for a given state during search,
where the context of previous actions can also be considered.

Semantic alignment. The semantics of the domain de-
scription must not contradict physical laws (unless the set-
ting does not abide by conventional physics, which should
be explicitly mentioned), and they should reflect the in-
tended use of the domain. When there is a close or ex-
act alignment between the symbolic representation and its
meaning, the integrated knowledge is more likely to be rel-
evant and useful for improving the planning process and the
execution of plans, at all stages of integration.

A planner does not parse the semantic meaning of
words, and therefore, any symbol can be used to represent
an action, type, predicate, or object name. These names
should not be meaningless strings and should align with
the meaning behind the symbol; for an action, it should
also align with its preconditions and effects. For example,
if an action is called pick-up, but its preconditions in-
clude (holding ?object) and effects include (not



(holding ?object)), then the semantics of the do-
main are misaligned and misleading, as these action spec-
ifications better align with a put-down action. External
knowledge, which is found based on the semantics of the
representation, could help detect this misalignment and at-
tempt to align the representation with the dynamics of the
represented environment. This can be achieved by modify-
ing the task description or, during execution, by leveraging
the perceived state of the environment.

Typing. Untyped domains may benefit from incorporation
of semantic knowledge. Implicit types may exist in the do-
main, and those could be inferred from the existing seman-
tics and added to the domain description, or used to elim-
inate nonsensical actions during planning, post planning or
execution. Additional constraints based on the semantics of
the types can also be added to the domain description. Nev-
ertheless, typed domains may benefit from a better integra-
tion of knowledge due to a richer semantic representation,
which could provide a better context for finding relevant
knowledge and constraints based on causal or temporal in-
formation.

Relations between actions. We define similar ac-
tions a and a′ as actions which are not identical, but
share a significant amount of their preconditions and
effects. We express that a is similar to a′ as a ∼ a′,
under a predefined threshold t (0 < t < 1), as:

a ∼ a′~w�
a ̸= a′ ∧

(
|pre(a) ∩ pre(a′)|
|pre(a) ∪ pre(a′)|

> t

)
∧

(
|eff(a) ∩ eff(a′)|
|eff(a) ∪ eff(a′)|

> t

)
If a domain contains at least two similar actions, i.e.,
∃a, a′ ∈ A : a ∼ a′, the most appropriate choice between
using a or a′ could be improved either by incorporating
semantics and additional facts about each action to the de-
scription, by augmenting the current state with information
during search, or by choosing from possible plans after
planning, attempting to amplify the distinction between the
actions and making them less similar.

Following the definition for independent actions by Ghal-
lab, Nau, and Traverso (2004), two actions a and a′ are in-
dependent of each other iff:

(del(a) ∩ [pre(a′) ∪ add(a′)] = ∅)∧
(del(a′) ∩ [pre(a) ∪ add(a)] = ∅)

That is, the propositions removed by one action do not af-
fect the applicability of the other, and the effects added by
one action are not removed by the other. If two actions in
a domain are independent of each other, they can often oc-
cur in various orders or, in temporal planning, concurrently.
Further knowledge about the implications of actions may
improve the choice of action order and make it more ap-
propriate for real-world execution by making the actions de-
pendent, forcing a certain order in the plans. This could be
done by updating the description and replanning, or through
post-planning analysis.

Action characteristics. Actions with more than n effects,
(|eff(a)| > n), or, in temporal planning, taking more than m
time steps (dur(a) > m), may be broken down into multiple
smaller actions, which could potentially improve efficiency
and thus the optimality of a plan, by providing additional
ordering options. For instance, making food and washing
dishes are two actions that humans often execute concur-
rently. An action representing washing dishes could be bro-
ken into washing k dishes, where the duration of the action
is determined by k and can fit in the food-making timeline.
However, adding multiple actions to the task description
could significantly increase the search space; it may there-
fore be more beneficial to split the actions during search or
when analysing the plans given by the planner.

External knowledge can be useful when one or more ac-
tions in the domain have physical features as preconditions,
which are also explicitly defined in the initial state. For ex-
ample, the Elevator domain has levels which are required to
be explicitly stated, and the initial state must include pred-
icates to represent the relations between those levels, even
when those can be implicitly understood by humans. An-
other example is the Blocksworld variant in which blocks
have different sizes (Winograd 1972). In this domain, the
size of the blocks is explicitly represented, and their impli-
cations are considered. However, many objects in real-world
domains, such as household items, have different shapes
and sizes, and that is usually not explicitly represented in
the PDDL domain. External knowledge could, given object
names, automatically and dynamically provide the implied
constraints without explicitly representing those for each ob-
ject. In addition, if an object is composed of other smaller
objects and can be taken apart, disassembling it may have
implications on the agent’s manipulation abilities with each
component. For example, a jar may be deemed a fragile ob-
ject, but if its lid has been removed, the lid itself is not frag-
ile, which could impact the agent’s interaction with it.

Another realisation of this notion utilises spatial knowl-
edge; if the domain includes predicates that represent spa-
tial relations between locations, the names of the locations,
when those have a distinct semantic meaning, can be used
to augment the planning process with spatial knowledge to
detect nonsensical paths that are not feasible.

In domains where actions could lead to a harmful sce-
nario and are thus safety-critical, incorporating CSK can
help strike a balance between optimality and risk. For ex-
ample, in the Climber domain as presented by Little and
Thiebaux (2007), the person has a 40% chance of falling
in the optimal plan. External knowledge can help identify
when it is appropriate to take a risk and when a higher cost
should be tolerated to prevent a dangerous action. This can
be achieved through contingent planning with conditional
cases, during search with contextual knowledge based on the
current state, by selecting between potential plans, or mon-
itoring execution and determining when a plan should be
revised.

General domain characteristics. When domains are in-
complete or contain incorrect preconditions or effects, ex-
ternal knowledge can be leveraged to detect flaws in the de-



scription. For instance, when a domain models containers
and represents their capacities using a numeric function, if
the symbolic capacity values do not match the real physical
capacities of the containers, the planner may generate infea-
sible plans (e.g., placing an object into a container that is too
small). Incorporating external spatial knowledge, such as the
actual dimensions or volume of the containers, can correct
these discrepancies or flag the domain description as incon-
sistent with the real world. A function could also be wrongly
used in an action’s precondition, for example, if an action
for passing an object through a door includes a precondition
(>= (width ?obj) (width ?door), the represen-
tation would be incorrect and infeasible, as the object must
be less wide than the door to pass, rather than the oppo-
site. This could be detected using CSK and fixed to a pre-
condition (<= (width ?obj) (width ?door)). A
wrong domain representation may go undetected at the rep-
resentation stage, for example, when the task lacks sufficient
semantic information to infer its intended meaning. How-
ever, it may still be possible to detect causal and temporal
inconsistencies during search or execution by exploiting the
problem representation and sensor data.

When fluents represent resources, CSK can provide ad-
ditional information on how to use them efficiently. For
instance, in transportation domains (Helmert 2001), the
agent’s speed may impact consumption. The vehicle’s speed
also depends on the type of vehicle in use, and could be pre-
dicted more accurately when context is considered. A better
understanding of resource consumption could help to pre-
vent the search heuristic from under- or overestimating the
plan’s true cost, if the resource is part of the cost function.

Whilst enriching the domain description with additional
knowledge could contribute to finding a better plan, the do-
main must not be too large. Zhao, Lee, and Hsu (2023) show
that using a common-sense world model in large-scale tasks
is not always effective due to the size of the search space.
Adding actions, predicates, or objects can make the search
space too large, even for simple problems, if the domain is
already quite complex, with a large number of actions and
predicates. CSK could still be beneficial in large-scale do-
mains, but its integration may be more appropriate and ef-
fective in later stages of the planning process.

Problems
The semantics, structure, and complexity of a problem, can
all impact the incorporation of knowledge into the task. We
first detail the features concerning how a problem is de-
scribed, followed by problem characteristics that involve the
search process, and finally, the features of problem solutions.

Object representation. Ideally, the names of instantiated
objects convey their meanings, but that is not always the case
in planning problem descriptions. When objects are num-
bered, modelling them with meaningful names instead, dur-
ing task description or plan analysis, may inform on pref-
erences in action order. For example, in Barman (López,
Celorrio, and Olaya 2015), ingredients may have a preferred
order of addition to improve the cocktail’s quality. Object
names can also be used to infer their physical features, which

can indicate whether certain actions are feasible and how
they should be executed. For instance, (Conti, Varde, and
Wang 2020) take into account that during vehicle assembly,
parts are made of varying materials, and the type of material
(e.g., glass) should affect the decision-making process when
allocating tasks to a robot and a human. When objects are
given names, these considerations could be implemented to
improve the execution and success of the task.

Finding an entity. A problem’s goal state can include a
proposition related to an entity with an unspecified location,
i.e., the goal requires knowing the location of an agent or an
object, and the location is unknown at the initial state. The
process can be improved by prioritising more probable lo-
cations for the required entity, based on task semantics and
CSK. This may be during the search for a plan or during
execution, leveraging the perceived environment. For exam-
ple, Kaiser et al. (2014) using spatial relations from texts to
encode the most probable locations of kitchen items.

Multi-agent problems. When a problem has multiple
agents, CSK could support the decision for which actions
can be parallelised. Specifically, when actions can only be
parallelised under specific circumstances and in a certain
context, it can be unsafe or too complex to model the con-
straints in the task description. CSK can be used to provide
a richer expression of the current state for more appropri-
ate decision-making when finding a plan. Moreover, external
knowledge can be used to determine which actions are more
appropriate for one agent to execute than another, leading
to improved optimality and collaboration. If a semantic dis-
tinction is created between the agents, e.g., by naming agents
based on their real-world entities, the semantics may imply
different capabilities between the agents. Yu et al. (2025)
utilise previous experience and object attributes to determine
which actions can be automated and executed by a robot, to
improve human-robot collaboration for objects disassembly.

Invariants and mutual exclusion. When no invariants are
found for a given problem, or when there is a gap between
the problem’s complexity and the number of invariants, the
semantics of the task can help discover implicit invariants
that are not found by the planner using causal, spatial and
temporal knowledge. Finding additional invariants can also
be used to prove task unsolvability where no solution has
been found, but unsolvability has not be proven with the
existing invariants. Another case is where a plan has been
found but is not actually executable in the real world. This
can potentially be addressed by finding an invariant during
search based on external knowledge, bridging the gap be-
tween the task description and the real-world environment.

In a problem with multiple mutex groups or groups that
have many variables, external causal knowledge can be
used to eliminate potential states during search. Fišer and
Komenda (2018) show that inferring mutex groups is at least
NP-hard, and can help in detecting dead-ends. Establishing
mutex groups from CSK or previously encountered knowl-
edge can help in finding additional mutex groups or poteni-
tally making the search process faster in some cases.



Landmarks. When some landmarks have yet to be dis-
covered or cannot be identified using certain algorithms,
CSK can be leveraged to attempt to locate them. Additional
knowledge may reveal these landmarks by introducing ex-
plicit constraints to the task description or during the search
process. A problem may have resource limitations which are
not modelled in the domain, or are represented too simplis-
tically in the problem. Representing these constraints more
accurately could introduce new landmarks which would re-
strict the search. For instance, by incorporating temporal
constraints based on additional temporal knowledge. Fur-
thermore, causal information may help uncover implicit de-
pendencies between goal states. This will result in one goal
state that must be achieved before the other, thus finding
a new ordering landmark. This implies that if plans were
found where the ordering does not abide by the new ordering
constraints, they should not be able to execute successfully
in a real scenario, and should thus be discarded.

Dead ends. CSK can be used to identify avoidable dead
ends and indicate a path that is more likely to lead to those
dead ends; based on the context of the current environment
and the next actions in the trajectory, the path can be deemed
less safe or risky. When the problem is probabilistic, the re-
trieved knowledge can be used to tweak the probabilities in
transitions. If the problem is deterministic, the knowledge
can be used as a heuristic to attempt to avoid risky paths.

Problem solutions. Trivially, a solvable problem may
benefit from knowledge integration, i.e., |Π| > 0, where Π
is the set of plans that solve the problem. When a problem
is unsolvable, it may be possible to use external knowledge
to identify flaws in the task representation or the cause for
unsolvability in the search space. For instance, if there is an
unavoidable dead-end caused by an effect that misrepresents
the real world.

We consider a set of plans Πsub = ⟨π1, . . . , πn⟩ (n > 1)
and an optimal plan πopt with cost C(πopt) = c. Πsub con-
tains acceptable plans when ∀i ∈ {1, . . . , n}, c ≤ C(πi) ≤
c+ t, where t is a predefined threshold for cost tolerance. In
problems where n > 2, that is, there are several plans with
a cost within tolerance t, incorporating external knowledge
could aid in finding the plan that aligns best with real-world
expectations and execution.

A problem may also have multiple solutions, where inde-
pendent actions a1 and a2 appear with the same parameters
in two or more solutions, in a different order. This structure
may imply that reordering these actions could be possible.
External knowledge may influence the preference for order-
ing actions, which can be considered during search or when
analysing the found plans.

Plans
Structural features of plans may indicate CSK use-cases for
a better-aligned execution in a real-world environment. In
this section, we discuss the notions of state overlap in plan
solutions and the use of CSK when plan execution fails.

State overlap. Let Sπ = ⟨s0, s1, . . . , sm) be the states
reached during the execution of a plan (i.e., sm ∈ G). We

define state overlap between two states as the intersection of
their true propositions,

overlap(si, sj) :=
∣∣P(si) ∩ P(sj)

∣∣
the distance between two states as the number of actions
which are executed to transition from one to another,

dist(si, sj) := |i− j|
and a threshold function for overlap significance as

thresh(si, sj) := max
(
|P(si)|, |P(sj)|

)
− dist(si, sj)

Two non-consecutive states si and sj are two states in a plan,
where |i − j| ≥ 2. If a plan π contains at least two non-
consecutive states which share a significant portion of the
propositions, i.e., overlap(si, sj) ≥ thresh(si, sj), there
is a higher chance of redundancy and reversible behaviour,
with actions further in the plan undoing the effects of pre-
vious actions. This could imply that the plan could be re-
structured. Causal knowledge can be used to identify and
provide further context for these cases at the plan analysis
stage, to modify the given plan, or replan with additional
context. Another case would be when some actions have an
insignificant effect on the state of the environment, or when
their effects are not adequately represented in the PDDL de-
scription. Causal knowledge could be used to infer the ef-
fects of these actions and add those the domain description
or to augment states during the search process.

Plan execution failure. Bezrucav et al. (2022) explain
how, when plan execution fails during action execution, im-
proper states can occur, in which not all action effects have
taken place or have been applied. The states may thus not
conform with all invariants, which can prevent successful
replanning. They discuss making execution more robust by
ensuring proper states are maintained during failure. The fi-
nite state machines used to model action execution can be
automatically completed using CSK by inferring the state
after failure, whilst taking context into account; CSK can
aid in determining which effects of the actions have been
fulfilled and which have not, making the state more consis-
tent with the real-world environment. For instance, if a robot
navigating up an incline gets stuck because the incline has
become too steep, spatial and causal knowledge could help
identify the fault and adapt the state accordingly. CSK can
also be used to adapt the task description to appropriately
replan from an improper state, using causal information. For
instance, if a robot navigates between two points and cannot
reach its destination because a door which was open is now
closed, it might be more sensible to ask a person to reopen
the door than to take an alternative path. The current domain
description might have human-robot interaction capabilities
modelled for the agent, but it does not specifically include
an action to ask a person to open a door. CSK could help
in recognising this implicit capability and modelling it as an
action the agent could take.

Lastly, when the task’s goal changes during execution,
CSK can be leveraged to consider the context of the cur-
rent state, the previously executed actions, and the new goal,
and provide useful information for replanning or repairing
the plan, to effectively achieve the new goal.



Scope Characteristic Description TD S A E

Paradigm Temporal planning Planning with temporal constraints and durations X X X
Planning w/ preferences Planning with soft constraints and goals X X
Probabilistic planning Planning under uncertainty and probabilities X X X
Contingent planning Planning under uncertainty with sensing X X X
Conformant planning Planning under uncertainty without sensing X X X
Partial-observability Planning with partial-observability and stochastic transitions X X X

Domain ADL Domain is defined using ADL X
STRIPS Domain is defined using STRIPS X X
Meaningful representation Domain semantics are meaningful and reflect real-world use X X X X
Misaligned representation Domain representation is meaningful but inconsistent X X
Untyped domains Domain does not specify object types X X X X
Typed domains Domain does specifies object types X X X X
Similar actions Domain contains at least two similar actions X X X
Independent actions Domain contains independent actions X X
Actions with more than n effects Domain has actions with many effects or long duration X X
Physical features in preconditions Domain has actions with physical features as preconditions X X X X
Spatial relations between locations Domain has predicates for spatial relations between locations X X X X
Safety-critical tasks Domain has actions that may lead to harmful scenarios X X X X
Flawed domains Domain is incomplete or incorrect X X X
Resources as fluents Domain has fluents that represent resources X X X X
Large-scale domains Domain has many actions and/or predicates X X X

Problem Meaningful object names Problem’s object names convey their real meaning X X
Entity with unknown location Problem includes finding an entity for its goal state X X
Multi-agent problem Problem has multiple agents to execute actions X X X X
Unfound invariants Problem has invariants that were not found by the planner X
Multiple mutex-groups Problem has many mutex groups or many variables in groups X
Undiscovered landmarks Problem has landmarks that were not found by the planner X X X
Avoidable dead ends Problem search space has dead ends but also viable paths X X
Solvable problems Problem has at least one solution X X X X
Unsolvable problems Problem has no solution X X
n acceptable (sub-)optimal plans Problem has n solutions within a cost threshold X
Independent actions reordered Problem has solutions with the same actions reordered X X

Plan Overlap in non-consecutive states Plan execution leads to similar states multiple times X X
Plan failure in improper state Plan fails before all effects of the action are achieved X
Goal changes during execution Plan is no longer valid as the goal has changed X

Table 1: Features and the stage of modification they apply to. The stages are: TD (task description), S (search), A
(post-planning analysis), and E (execution). An X depicts the cases addressed in the paper.

Conclusion
We systematically record planning characteristics that affect
the benefits of integrating external knowledge into the plan-
ning process. Our work sheds light on the impact of repre-
sentation and structure of planning tasks on the value of ex-
ternal knowledge, and on the importance of identifying these
features for meaningful evaluation of knowledge integration
methods. Table 1 consolidates the characteristics presented
in the paper, in order, and specifies the mentioned stages in
which they could be applied. The table shows that differ-
ent characteristics can benefit from different integration ap-
proaches, and that the most effective integration stage for
tasks depends on all its features, at all levels of abstraction.
We thus propose this table as a guide for choosing the most
appropriate integration stage for a certain task, based on the
combination of its features. Our analysis was done system-
atically, based on existing approaches and investigation of
planning domains and problems. While we aim at a thor-

ough and complete analysis of features that make planning
benefit from CSK, it is possible these could be extended in
the future. Therefore, we hope that the taxonomy could be
used and expanded with further use by the community.

Our findings demonstrate that further work can be done
on integrating CSK and semantics in different stages of the
planning process, and we hope to facilitate a more mind-
ful choice of tasks for assessing the quality of these works.
Future work could focus on improving the evaluation tasks
themselves, either through refining existing PDDL domains
to better align with the intended semantics of the task, or by
curating a suite of environments with diverse properties tai-
lored for the stage of modification for which they are built.
Additional research is also needed on knowledge integra-
tion methods, including assessing how well current methods
generalise across tasks, and developing new techniques that
leverage characteristics not yet addressed by existing meth-
ods at various stages of modification.
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Fišer, D.; and Komenda, A. 2018. Fact-alternating mutex
groups for classical planning. Journal of Artificial Intelli-
gence Research, 61: 475–521.
Fox, M.; and Long, D. 2003. PDDL2. 1: An extension to
PDDL for expressing temporal planning domains. Journal
of artificial intelligence research, 20: 61–124.
Ghallab, M.; Nau, D.; and Traverso, P. 2004. Automated
Planning: theory and practice. Elsevier.
Ghallab, M.; Nau, D.; and Traverso, P. 2016. Automated
planning and acting. Cambridge University Press.
Helmert, M. 2001. On the complexity of planning in trans-
portation domains. Cesta, & Borrajo (Cesta & Borrajo,
2001), 349–360.
Hoffmann, J.; Edelkamp, S.; Thiébaux, S.; Englert, R.; Li-
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