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Abstract

Learning-based approaches to planning are increasingly used
in robotics and cognitive systems. However, these methods
do not guarantee the correctness or executability of their out-
puts. We introduce the notion of inconsistency measurement
for planning, with a focus on quantifying the degree of incon-
sistency in non-executable plans. We formally define several
measures that capture different aspects of plan-level inconsis-
tency and illustrate their behavior through examples. Further,
we discuss how the identification of inconsistencies can sup-
port the generation of human-understandable explanations.
Our contributions provide a foundation for systematically an-
alyzing inconsistency in planning systems.

1 Introduction

Recent advances in large language models (LLMs) have
opened up new possibilities for robotics and cognitive sys-
tems, particularly in the area of task or action planning
by introducing common-sense grounding and world con-
text awareness (Song et al. 2023; Wang et al. 2024; Cap-
itanelli and Mastrogiovanni 2024; Rajvanshi et al. 2024;
Sathyamoorthy et al. 2024; Elnoor et al. 2024; Chu et al.
2025). The motivation behind this is that classical plan-
ning algorithms lack in the adaptability required for real-
world applications, are generally computationally complex,
and their application can quickly become too expensive in
practical scenarios (Rana et al. 2023).

However, the use of learning-based models also intro-
duces a new challenge: their outputs are not guaranteed to
be correct. This is particularly critical in robotics, where
an incorrect plan can result in non-executable behavior. At
best, such a plan offers no practical utility; at worst, it
may lead to failures or even unsafe situations during ex-
ecution. To address this limitation, several recent works
have explored hybrid approaches, in which LLM-generated
plans are verified or refined using symbolic techniques from
Knowledge Representation and Reasoning (KR) and hu-
man evaluation (Huang et al. 2022; Silver et al. 2022;
Rana et al. 2023). While such methods are effective in filter-
ing out inconsistent plans, they typically offer little insight
into why a particular plan fails.

In this paper, we propose to address this gap through the
lens of inconsistency measurement (Grant 1978; Grant and
Martinez 2018; Thimm 2019), a subfield of KR focused on

quantifying and analyzing logical conflicts. On one hand,
a quantification of the degree of inconsistency in a given
knowledge base (i.e., a set of logical formulas) allows hu-
man modelers to identify and compare alternative formal-
izations. On the other hand, such a quantification may also
assist automated reasoning mechanisms. Furthermore, the
analysis of the conflicts exhibited by a knowledge base may
also help to later resolve the conflicts, in order to restore
consistency.

Our central idea is to develop inconsistency measures for
the domain of robotic planning as a tool for analyzing and
explaining the inconsistency of (generated) plans. Note that
this approach is not restricted to LLM-generated plans, but
to any plan generated by a learning-based (e. g., (Asai and
Fukunaga 2018; Aineto, Jiménez, and Onaindia 2018; Silver
et al. 2021)) or approximate (e. g., (Baum, Nicholson, and
Dix 2012; Heusner et al. 2014)) approach.

Our contributions can be summarized as follows:

* We introduce the concept of inconsistency measurement
in (robotic) planning, including a discussion on different
types of inconsistencies in this domain (Section 2).

* We propose 6 measures to quantify the degree of incon-
sistency in non-executable plans (Section 3).

* We demonstrate how our inconsistency measures can be
leveraged to generate explanations in order to help human
users to understand and correct existing conflicts (Sec-
tion 4).

2 Background and Related Work
2.1 Inconsistency Measurement

In general, an inconsistency measure is simply a function
that maps a knowledge base to a non-negative real value
(or, in some cases, 0o). Most inconsistency measures
in the literature are designed to measure inconsistency in
propositional knowledge bases (i.e., sets of propositional
logic formulas). Some measures are based on the notion
of minimal inconsistent sets (Hunter and Konieczny 2008;
Grant and Hunter 2011; Xiao and Ma 2012) or maximal
consistent sets (Jabbour, Ma, and Raddaoui 2014; Ammoura
et al. 2015), others are defined by making use of non-
classical semantics (Knight 2002; Grant and Hunter 2011;
Ma et al. 2009), and yet others view the models of the formu-
las in a knowledge base as points in Euclidian space (Grant



and Hunter 2013), or consider the minimal number of inter-
pretations required to satisfy each formula in a given knowl-
edge base (Thimm 2016). For a systematic overview, see the
work by Thimm (2018).

However, inconsistency measurement has been applied
to other target formalisms as well. Examples include the
analysis of inconsistencies in news reports (Hunter 2006;
Hunter and Summerton 2006), ontologies (Zhou et al. 2009;
Zhang et al. 2017), and answer set programs (Ulbricht,
Thimm, and Brewka 2016), the support of software re-
quirements specifications (Martinez, Arias, and Vilas 2004;
Zhu and Jin 2005), the handling of inconsistencies in busi-
ness processes (Corea, Thimm, and Delfmann 2021; Corea,
Grant, and Thimm 2022; Corea et al. 2024), inconsistency-
tolerant reasoning in probabilistic logic (Potyka and Thimm
2017), and the monitoring and maintenance of quality in
database settings (Decker and Misra 2017; Bertossi 2018;
Parisi and Grant 2020; Parisi and Grant 2021; Parisi and
Grant 2023; Grant and Parisi 2024).

In the context of planning, inconsistency measurement
has received little attention—possibly because inconsisten-
cies can arise at multiple distinct levels. We propose a pre-
liminary taxonomy that distinguishes between the following
types of inconsistency (see also Figure 1 for a visualization):

1. Domain-level inconsistency: The given domain specifi-
cation itself is inconsistent. E. g., a predicate may simul-
taneously define a door as both open and closed, leading
to logical contradictions or unreachable states.

2. Task-level inconsistency: The planning problem (task)
is unsolvable, i. e., no valid plan exists that leads from the
initial state to a goal state. E. g., a robot may be asked to
retrieve water from a fridge, but the domain encodes that
no water is available.

3. Goal-level inconsistency: A generated plan is executable
but fails to achieve the desired goal condition. E.g., a
robot is instructed to grab an apple, but the plan results in
grabbing a banana instead.

4. Execution-level inconsistency: A generated plan con-
tains one or more actions that are not applicable in the
states in which they are invoked, i.e., the plan is not ex-
ecutable. E.g., a robot may be told to get water from a
closed fridge, but the plan omits the action of opening the
fridge first.

In this work, we focus on the latter level of inconsistency
in planning. Note that inconsistency measurement on the
level of domain specifications could be addressed by trans-
forming the given constraints to a different logical for-
malism for which a number of inconsistency measures al-
ready exists in the literature. Moreover, there exists some
work that is concerned with analyzing inconsistencies on
the level of planning tasks. For instance, Eriksson, Roger,
and Helmert (2018) provide a proof system for unsolvable
planning tasks, while Sreedharan et al. (2019) and Sar-
war, Ray, and Banerjee (2023) focus on explaining why a
given task is unsolvable. Regarding the plan level, related
work includes approaches to plan repair (Van Der Krogt
and De Weerdt 2005; Fox et al. 2006) and fault diagno-
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Figure 1: A taxonomy of inconsistencies in classical planning.

sis (Khalastchi and Kalech 2018; Das, Banerjee, and Cher-
nova 2021), which aim to restore executability or explain
failure. While these methods focus on correcting or explain-
ing inconsistent plans, our work takes a complementary per-
spective rooted in KR by proposing formal inconsistency
measures that quantify how inconsistent a non-executable
plan is.

2.2 Classical Planning in Cognitive Robotics

To lay a clear foundation for the study of inconsistency in
planning, we adopt a classical planning model (Ghallab,
Nau, and Traverso 2004) in this work. While more expres-
sive variants exist, starting with a simple setting allows us to
systematically develop formal inconsistency measures. To
be precise, our focus is on fully observable, deterministic
environments with known initial and goal states, and we re-
strict ourselves to sequential plans without explicit modeling
of time. Future work could extend this approach to richer
models, such as temporal or partially observable planning
systems, or multi-agent settings.

We consider a restricted state transition system Y =
(S, A,~), with S being a finite set of world states, A be-
ing a finite set of actions that can be performed, and
being a function which deterministically maps a state s;
to another state s = ~(s1,a), with s;,s2 € S, and
a € A. To concretely represent planning problems, this
abstract structure is instantiated over a finite set of predi-
cate symbols L = {p1,...,p.} and a finite set of objects
O = {o1,...,0}, resulting in a (set-theoretic) planning
domain. Thus, a planning domain on L is a state transition
system ¥ = (S, A, v, L, O) for which the following holds.

* The set of propositions used in states and actions is ob-
tained by grounding the predicate symbols in L with the
objects in O, resulting in the set Lg = {p(o01,...,0x) |
p € L,phas arity k, and 01, ...,0 € O}.

 Each state s € S is a subset of L, i.e., S C 2Fe. Let
p € Lands € S. If p € s it means that p holds in s;
likewise, if p ¢ s it means that p does not hold in s.

* An action @ € A is determined by a set of precondi-
tions Pre(a), a set of add effects Eff T (a), and a set of
delete effects Eff " (a). Formally, a is defined as a =
(Pre(a), Eff T (a), Eff ~(a)), with Eff T (a)NEff~ (a) = (.
Further, a is applicable to a state s if Pre(a) C s.

* Intuitively, w.r.t. a given action a and a state s, the state
transition function v calculates the next state by delet-
ing Eff~(a) from s and by adding Eff " (a) to it. Thus,
formally, v(s,a) = (s \ Eff (a)) U Eff " (a), given that



Pre(a) C s. If Pre(a) € s (i.e., a is not applicable to s),
~(s, a) is undefined.

 If a is applicable to a state s, it produces another state,
i.e.,if Pre(a) C s, then (s \ Eff (a)) UEff"(a) € S.

A planning problem is denoted as P = (%, sg,¢), with
so € S being the initial state, and g C L being a set of goal
propositions that determine the set of goal states S; = {s €
S | g C s}. In other words, g specifies what a state s must
satisfy in order to be a goal state.

We define a plan to be any sequence of actions A =
(ag,...,an—1) with n > 0, and its length is |A| = n.
Moreover, we define a plan A to be a solution to a given
planning problem P = (X, sg,9) if ¢ C v(so,.A), i.e., A
corresponds to a sequence of state transitions sg, S1, . . . , Sn,
such that ;11 = v(s;,a;) (with ¢ € {0,...,n — 1}), and
s, € S4. Note that in classical planning, one often consid-
ers optimality in addition to executability. To this end, each
action gets assigned a cost, and an optimal plan is one with
a minimum total cost. However, in this work, we do not
consider optimality and focus exclusively on executability.

In the context of cognitive robotics, the objective is of-
ten to produce a valid plan—that is, a correct solution to
a given planning problem—in order to execute a task in
the physical world. However, as noted in the introduction,
learning-based approaches such as LLMs do not generally
guarantee correctness, and may produce flawed or incom-
plete plans. To reason about such situations, we distinguish
between consistent and inconsistent plans. As mentioned
before in Section 2.1, in this work, we focus exclusively on
the executability of plans, which we take as the primary di-
mension of consistency. Specifically, we define a plan as
consistent (also referred to as executable) if every action in
the sequence is applicable in the state where it is invoked,
according to the transition model of the domain. A plan is
inconsistent (also referred to as non-executable) if at least
one action in the sequence has unsatisfied preconditions at
the time of execution, i.e., the plan cannot be executed in
full from the initial state. This definition intentionally ab-
stracts away from goal achievement. While a plan that does
not reach a goal state may still be considered incomplete or
suboptimal, we do not regard it as inconsistent for the pur-
poses of this paper. Our focus is on capturing and analyz-
ing failures that arise from structural flaws in the plan itself,
rather than from external goal misalignment.

To illustrate the definitions above, we introduce a sim-
ple example from the well-known Blocks World planning
domain in Example 1. Note that we will use this do-
main throughout this paper as a running example. For fur-
ther information on planning, see, e. g., (Ghallab, Nau, and
Traverso 2004).

Example 1. We consider the famous Blocks World planning
domain (Slaney and Thiébaux 2001), which consists of a fi-
nite number of blocks on a table, that can be stacked on top
of each other (by means of a mobile robot). In the initial
state, some blocks might already be stacked, and the task is
to reach a specific set of stacks of blocks. Only one block
can be moved at a time, and a block can only be placed on
the table or on another block.

We specify a Blocks World planning problem as follows.
Block A is initially stacked on B, B is stacked on C, and C
is on the table. Let the task be to have the following stack
(from top to table): B, A, C; see the leftmost and rightmost
parts of Figure 2 for an illustration. We define the set Ly, of
predicates as

Ly = {on(x,y), onTable(x), clear(x), holding(x),
gripperEmpty} with

* on(x,y) meaning that block x is on block y;

* onTable(x) meaning that block x is on the table;

* clear(x) meaning that there is no other block on block ,
and block x can therefore be gripped;

* holding(x) meaning that the robot is holding block x;

* gripperEmpty meaning that the robot’s gripper is empty,
i. e, it is currently not holding a block.

Moreover, we represent the blocks A, B, C as the set of ob-

jects Oy = { A, B, C}, respectively. We now define the plan-

ning domain ¥y, = (S, Ap,7, Ly, Op). In order to obtain

Ay, we define the actions unstack(z, y), which specifies how

a block x is gripped from another block y, and stack(z,y),

which specifies how a block x is placed on another block y.

Further, unstackT(x) specifies that block x is picked up from

the table, and stackT(x) specifies that block x is placed on

the table. Formally, the actions in Ay are defined as fol-
lows:

({on(z,y), clear(z), gripperEmpty},
{holding(z), clear(y)},
{on(z,y), clear(z), gripperEmpty})
({holding(x), clear(y)},
{on(z,y), clear(z), gripperEmpty},
{holding(z), clear(y)})

unstack(z,y) =
stack(z,y) =

(
unstackT(z) = ({onTable(z), clear(x), gripperEmpty},
{holding(z)},

{onTable(z), clear(x), gripperEmpty})
({holding(z)},
{onTable(z), clear(x), gripperEmpty},
{holding(x)})

stackT(x) =

We now define a planning problem Py = (34, S0, g1) with
the initial state sy = {onTable(C),on(B,C),on(A, B),
clear(A), gripperEmpty} and g3 =  {onTable(C),
on(A,C),on(B,A)}. Note that the only state s €
Sy with g1 C s that is actually reachable w.rt. A,
and v (i.e., the state shown in the rightmost part of
Figure 2) is {onTable(C),on(A,C),on(B, A), clear(B),
gripperEmpty} 2 g1.

We now examine plan Ay, which is consistent and ends in
a valid goal state, i. e., it is also a solution to P, (see again
Figure 2 for an illustration of each state and action):

Ay = (unstack(A, B), stackT(A), unstack(B,C),
stackT(B),unstackT(A), stack(A4, C),
unstackT(B), stack(B, A))

Now consider plan As, which is the same sequence of
actions as Ay, except that the second action (stackT(A))
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Figure 2: Blocks World plan .4; from Example 1.
is missing, i.e, A = (unstack(A, B), stackt(A), analogously, a the drastic plan inconsistency measure re-

unstack(B,C),...). According to this plan, we first apply
ap = unstack(A, B) to sg, and we get:

51 = (s0,a0) = (s0 \ Eff ~(a0)) UEfT (ao)
= (so \ {on(4, B),clear(A), gripperEmpty})
U {holding(A), clear(B)}
= {onTable(C), on(B,C),holding(A), clear(B)}

Next, a1 = wunstack(B,C) needs to be applied to
s1, however, the preconditions of ay are not satisfied
(i.e., ay is not applicable w.rt. s1), since Pre(a;) =
{on(B, C), clear(B), gripperEmpty} £ s1. Thus, there
exists an action in As that cannot be applied, and, conse-
quently, As is inconsistent.

3 Inconsistency Measures for Plans

‘We now turn to the central contribution of this work: the def-
inition of inconsistency measures for non-executable plans.
To focus specifically on execution-level issues, we impose
the assumptions that the given planning domain is consis-
tent, and the underlying planning problem is solvable; in ad-
dition, we do not consider whether the final state is actually
a goal state. Let IP be the set of all planning problems, let A
be the set of all plans, and let RS, := R>o U {o0}.

Definition 1. A plan inconsistency measure is a function L :
P x A — RS,

We further require that Z(P,.A) = 0 if the given plan
A is executable w.r.t. the given problem P (i.e., there is no
inconsistency). Note that, in the remainder of this paper,
we may refer to a plan inconsistency measure simply as an
inconsistency measure or even just a measure.

Further, note that plan inconsistency values are techni-
cally allowed to be oco. In propositional logic, not all mea-
sures include this value, however, in some definitions it is
necessary as no (finite) value can be computed in some
cases. We include oo in our definition in order for it to be
in line with similar definitions from the literature (in partic-
ular w.r.t. propositional logic), and for it to allow for greater
generality and extensibility. Future work may explore mea-
sures that, for instance, assign oo to (non-executable) plans
for unsolvable planning problems.

Drastic Inconsistency Measure As a first step, we de-
fine a drastic plan inconsistency measure, which is in line
with the drastic inconsistency measure for propositional
logic (Hunter and Konieczny 2008). In the propositional
case, this measure returns 1 if the given knowledge base is
inconsistent and 0 otherwise (i. e., if it is consistent). Thus,

turns 1 if the plan is not executable and O otherwise, i.e.,
if it is in fact executable and there is no inconsistency.

Definition 2. The drastic inconsistency measure Zy is de-

fined as

1 if Ja; € A:Pre(a;) € s,
ie€{0,...,]4 -1}

0 otherwise

Z4(P,A) =

w.r.t. a given planning problem P = (X, s, g), with ¥ =
(S, A,v, L, O) being a planning domain, a given plan A =
(agy - an—1), and s;y1 = Y(si, a;).

Example 2. Consider again the plans A, and As from Ex-
ample 1. With regard to Ay, each action a; is applicable
fo its corresponding state s; (with i € {0,...,|A;| — 1}).
Thus, it is executable and therefore consistent, and we get
Za(Py1, Ay) = 0. With regard to A, we already showed that
Pre(ai) € s1, i.e, 3i : a; € Ay such that Pre(a;) € s;,
and we get Ty(P1, Ag) = 1.

First-Conflict Inconsistency Measures As the drastic in-
consistency measure is not very expressive and is not very
helpful in actually analyzing an inconsistency, we define a
more informative measure next. More specifically, this mea-
sure is based on the idea that a plan in which an invalid ac-
tion occurs early on could be considered “more inconsistent”
than a plan in which the first invalid action occurs later. To
quantify this idea, we search for the index of the first invalid
action and subtract it from the total number of actions.

Definition 3. The first-conflict inconsistency measure Z; is
defined as

|Al =i if Ja;€A: Pre(a;) € s; and
Aa;eA :Pre(aj) € sjand j <
I —
1P A) withi,j € {0,...,|A| — 1}
0 otherwise

w.r.t. a given planning problem P = (X, sg,g), with ¥ =
(S, A,~, L, O) being a planning domain, a given plan A =
(ag,...,an—1), and s;41 = Y(8;, ;).

Note that we defined this measure as an absolute mea-
sure, however, it could easily be adapted to become a rela-
tive measure by normalizing it, i. e., by dividing the resulting
value by |.A|. For the sake of simplicity, we only consider
absolute measures in this paper; nevertheless we refer the in-
terested reader to the work by Besnard and Grant (2020) for
a discussion on absolute vs. relative inconsistency measures.



Example 3. Consider again Ay from Example 1. In ad-
dition, consider the plan As, which is defined exactly as
Aj, except that the action unstackT(B) (the second to
last action) is omitted, i.e., As = (..., stack(A,C),
unstaekT(B), stack(B, A)). Wrt. Az, action a1 =
unstack(B,C) is not applicable, due to the lack
of stackT(A) beforehand. ~ More precisely, we have
s1 = {onTable(C),on(B, ), holding(A), clear(B)} and
Pre(a;) = {on(B, C), clear(B), gripperEmpty}, and thus,
gripperEmpty € Pre(aq), but gripperEmpty & s1. Wirt.
As, action ag = stack(B, A) is not applicable, due to the
lack of unstackT(B). Thus, we get T, (P1, A2) = |Az|—1 =
7—1 :6and11(731,A3) =7—-6=1

The previously introduced first-conflict measure only cap-

tures the index at which a plan first becomes non-executable.
However, it does not take into account how many precondi-
tions of the corresponding action are actually violated. As
a result, two plans (of the same length) that both fail at the
same index receive the same inconsistency value—even if
the first plan violates only a single precondition, while the
second violates, say, ten. To address this limitation, we pro-
pose to define a refined version of the first-conflict measure
that additionally considers the number of preconditions that
are not satisfied. One way to achieve this is by multiplying
the value of Z; by the number of unsatisfied preconditions,
as shown in the following definition.
Definition 4. Let A = ({ag,...,a,—1) be a given plan,
and let p(A,i) = (JA| — i) - |Pre(a;) \ s;| with i €
{0,...,|A| — 1}. The precondition-based first-conflict in-
consistency measure I} is defined as

o(A,4) if Ja;€A : Pre(a;) € s; and
Aa;eA :Pre(a;) € sjand j < i
withi,j € {0,...,|Al — 1}

0 otherwise

(P, A) =

w.r.t. a given planning problem P = (X, sg,9), with ¥ =
(S, A,~, L, O) being a planning domain, a given plan A =

(ag,...,an—1), and s;+1 = v(s;, a;).
Example 4. Consider again As from Example 1. As ex-
plained in Example 3, action a; = unstack(B,C) is

not applicable, because gripperEmpty € Pre(ay), but
gripperEmpty ¢ i, i e., Pre(a1) € si1. As the other pre-
conditions of a1 are included in s, exactly one precondition
is not satisfied, and we get IV (P1,A3) = (T—1) -1 = 6.
Now consider A4, which is defined exactly as As, but ay is
replaced by a| = unstack(A, C). Thus, we have Pre(a}) =
{on(A, C), clear(A), gripperEmpty}. As none of these pre-
conditions is in s1, we get IV (P1, A4) = (7—1) -3 =18.

Note that other aggregation methods are also possible; for
instance, using an additive formulation instead of a multi-
plicative one. The version introduced here is meant to illus-
trate the general idea of additionally incorporating the num-
ber of violated preconditions.

Error-Propagation Inconsistency Measures The previ-
ously defined first-conflict measures consider only the first

point in the plan where an action is not executable. The mo-
tivation behind this is that, once there is an action that is not
executable, the entire plan cannot be executed. However,
when aiming to evaluate how severely a plan deviates from
consistency, it can also be useful to look beyond the first-
conflict and assess how errors would propagate throughout
the remainder of the plan. In other words, we are interested
in how a single conflict influences subsequent steps, and
whether additional inconsistencies occur further down the
line. Therefore, we now introduce an inconsistency measure
that propagates errors through the entire plan and counts the
total number of actions for which at least one precondition
is not satisfied. To achieve this, we define a relaxed transi-
tion function 7 that does not enforce preconditions. Unlike
the original transition function -, which only applies an ac-
tion if its preconditions are satisfied, v applies the effects of
an action unconditionally. Hence, setting s;+1 = J(s;,a;)
fori € {0,...,n — 1} allows us to compute a sequence of
(possibly inconsistent) states s, . . . , Sy, that reflects the the-
oretical progression of the plan A = (ay, . .. a,_1) from the
initial state sg, regardless of whether it is executable.

Definition 5. The error-propagation inconsistency measure
T, is defined as

|A]—1 .
1 if Pre(a;) € si
Ie I = .
(P, A) ; {0 otherwise
w.r.t. a given planning problem P = (X, so,g), with ¥ =
(S, A, 7, L, O) being a planning domain, a given plan A =
(agy...,an—1), and s;11 = J(s;, ;).

Example 5. Consider again A from Example 1. As shown
in Example 3, action aq is not executable, because one pre-
condition is not satisfied. When propagating the plan further
(using the relaxed transition function 7), we see that for as,
all preconditions are satisfied. However, w.r.t. as, two pre-
conditions are violated. From this point on, the resulting
state s4 corresponds exactly to ss in the consistent reference
plan A, (cf. Figure 2), meaning the remainder of the plan is
executable. Thus, T,(P1, A2) = 2.

While the basic error-propagation measure Z, captures
whether or not an action violates its preconditions, it treats
all such violations equally, regardless of their severity. How-
ever, in practice, some steps may violate just one precon-
dition, while others violate several, potentially indicating a
more severe inconsistency. To account for this, we introduce
a precondition-based refinement of the measure. Instead of
counting only the number of invalid actions, this version, de-
noted by ZP, quantifies the total number of unsatisfied pre-
conditions throughout the plan execution. This allows for
a finer-grained assessment of how severely a plan deviates
from consistency.

Definition 6. The precondition-based error-propagation in-
consistency measure IV is defined as
lAl-1

T2 (P, A) = Y |Pre(a;) \ il

=0



w.r.t. a given planning problem P = (X, s0,g), with ¥ =
(S, A,7, L,O) being a planning domain, a given plan A =
<a0, ey an_1>, and 51'—0—1 = "3/(81, ai).

Example 6. From Example 5 we know that w.r.t. Ay and P,

Jfrom Example 1, there is one precondition violated w.rt. a,
and two w.r.t. az. Thus, TP (P1, As) =1+ 2 = 3.

Repair-Based Inconsistency Measures In many applica-
tions, it may be desirable to not only assess how inconsis-
tent a plan is, but also how easily repairable it would be.
To this end, we define a repair-based inconsistency measure,
which reflects the minimum number of modifications needed
to transform a given plan into an executable one. We restrict
our notion of repair to the basic structural operations of ac-
tion deletion and action insertion. This reflects the practical
scenario where a robot or a planning system may discard in-
correct steps or add necessary ones without re-generating a
plan from scratch.

Let A = {(ag,...,an—1) be a plan. We define a re-
pair function r(op, a,i,.A), with op € {del,ins} and a,i

with a; € A, such that r(op,a,i, A) = (ag,...,ai_1,
@it1y---yan_1) if op = del and r(op,a,i, A) =
(ag,y...,ai—1,0,Q;41,...,an_1) if op = ins. Further, we
define R as a sequence of repairs r1,..., 7, where each

7; is a repair operation of the form r(op;, a;,;,.A), with
j € {1,...,m}. The result of applying R to A is induc-
tively defined as Ag := A, and A; := r(op;, a;, 15, Aj 1),
such that (A, R) = A,,.

Definition 7. Let R be a sequence of repairs. The repair-
based inconsistency measure Z, is defined as

Z,(P, A) = min{|R| | (A, R) is consistent w.r.t. P}

w.rt. a given planning problem P = (X, sq, g), with ¥ =
(S, A,~, L, O) being a planning domain, a given plan A =
(ag .-y an—1), and siy1 = v(si, ;).

Example 7. Consider again As from Example 1. We al-
ready know that inserting the action stackT(A) after the first
action (ag = unstack(A, B)), i. e, applying R = (r1) with
r1 = r(ins, stackT(A), 1, As), results in a consistent plan.
Hence, Z,(P1, As) = 1.

Note that several variations of the repair-based measure
are possible. For instance, once could restrict the repair
operation to deletions and therefore measure the minimum
number of deletions necessary in order to make a given plan
A consistent.

4 Detecting and Explaining Inconsistencies

The inconsistency measures introduced in the previous sec-
tion serve the purpose of allowing for the quantification of
inconsistency in plans, which can be useful, e. g., when com-
paring different learning-based/approximate planning ap-
proaches, or when evaluating the output quality of different
LLMs within the same framework. However, these numeri-
cal values can also serve as a starting point for a more qual-
itative analysis. More specifically, in order to compute the
measures introduced in the previous section, it is typically
necessary to identify where inconsistencies occur within a

given plan. This makes it possible to extract the sources
of inconsistency, which can then be reused for generating
human-understandable explanations of what went wrong.

Such explanations are particularly valuable in cognitive
robotics, where interpretability is crucial. This kind of in-
consistency analysis, however, requires exact algorithmic
approaches—approximate methods may be faster, but they
generally do not provide insight into the specific causes
of inconsistency. Recent algorithmic work on inconsis-
tency measurement in other areas, such as propositional
logic (Niskanen et al. 2023; Kuhlmann et al. 2025) and lin-
ear temporal logic (Corea et al. 2024), has demonstrated ap-
proaches based on Boolean and maximum satisfiability solv-
ing, as well as answer set programming. Such approaches
would in fact allow for the extraction of inconsistencies.

To illustrate the idea of extracting and explaining incon-
sistencies in more detail, we now turn to a concrete example
based on the first-conflict measure.

Example 8. Consider again Example 3. To compute the
value of I1 (P, Az), we need to find the index i of the first
non-executable action. In this example, we can extract that
the index we are aiming to find is 1, and we can also extract
the corresponding action a1 = unstack(B, C) and state s;.
Using this information, we can generate an explanation of
the form “The given plan A is inconsistent, as action a;
is not executable, because the corresponding state s; does
not satisfy the preconditions Pre(a;) of a;”. W.rt. A, we
would replace A by As, a; by a1, s; by s1, and Pre(a;)
by {on(B, (), clear(B), gripperEmpty}. Likewise, based
on the computation of I}, we can extend the explanation by
providing the concrete set of violated preconditions.

Furthermore, we argue that applying multiple measures
on the same plan can offer complementary perspectives on
inconsistency. For instance, the first-conflict measure pro-
vides a clear diagnostic of where executability first fails,
while the error-propagation measure offers a more global
view by reflecting how far-reaching the consequences of
early failures are.

5 Conclusions

Learning-based methods are increasingly used in robotics
and cognitive systems for planning tasks, however, they do
not guarantee correct outputs. To quantitatively assess po-
tential failures, this paper introduces the notion of inconsis-
tency measurement for planning, focusing on plan-level in-
consistencies, and, in particular, non-executable plans. We
proposed several inconsistency measures that capture the de-
gree of inconsistency in a given (non-executable) plan and
illustrated them through formal definitions and examples. In
addition, we discussed how the detection of inconsistencies
can serve as a basis for generating explanations.

This work opens several directions for future research,
e. g., the development of algorithmic approaches and their
empirical evaluation; the design of further inconsistency
measures; the extension to other types of planning incon-
sistencies (e. g., on the domain- or task-level); and the appli-
cation to more expressive planning formalisms beyond the
classical setting used in this work.
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