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Abstract

The recently introduced SIFT algorithm learns planning do-
mains from action sequences alone under an unknown state-
space. For theoretical guarantees, the formalism relies on a
value-alternation assumption, requiring every action effect
to change the value of the affected variable. We show that
this assumption prevents the approach from learning certain
classes of predicates, which occur in standard benchmark do-
mains to record achieved subgoals.

We propose a domain learning algorithm, based on SIFT, that
relaxes the value-alternation assumption to capture all possi-
ble influences a feature can have on an action. This yields a
more expressive upper bound domain, which we reduce us-
ing a novel predicate dominance relation and symmetry. Fur-
thermore, we use justified plans as input to extract forbidden
action sequences, enabling two intertwined counterexample-
guided abstraction refinement (CEGAR)-like loops for itera-
tive domain refinement. Finally, we present a SAT encoding
to validate plan justification in a given domain, which directly
produces a counterexample to an existing justification.

1 Introduction

Al planning is a subfield of symbolic Al concerned with au-
tomated decision-making. Given a symbolic description of
an application domain, the current state, and a goal, a plan-
ner determines an action sequence, called a plan, which can
be executed in the current state to reach a state that fulfills
the goal. Actions are described through their preconditions
and the effect their application has on the state.

Specifying the symbolic domain model is a time-
consuming task for domain experts. Typically, the model-
ing is done in the Planning Domain Definition Language
(PDDL) (McDermott et al. 1998), requiring domain exper-
tise and familiarity with PDDL. Still, the process remains
difficult and error-prone (McCluskey, Vaquero, and Vallati
2017). Two research areas address this complexity: domain
repair and domain learning. Repair modifies an existing do-
main, using example action sequences that should apply but
do not (Bercher, Sreedharan, and Vallati 2025), while learn-
ing is the special case of starting from a largely empty model
and filling in missing information.

Recently, SIFT (Gosgens, Jansen, and Geffner 2025) has
been proposed to handle unknown state-spaces. It builds
on LOCM (Cresswell, McCluskey, and West 2009) to in-
fer object types from input traces and derive an upper bound

on predicates describing the state-space. Its novelty lies in
the theoretical guarantees it provides under its assumptions.
While guarantees such as safe learning have been studied be-
fore (Juba, Le, and Stern 2021), they have not, to our knowl-
edge, been extended to unknown state-spaces until then.

In this paper, we make two contributions: First, we iden-
tify a class of predicates that SIFT excludes due to its value-
alternation assumption and show that they are required to
model standard benchmark domains. Second, we propose an
algorithm based on SIFT that relaxes this assumption and
uses justified plans (Bachor and Behnke 2024). After com-
puting an upper bound on the domain, a novel dominance re-
lation and two intertwined CEGAR-like (Clarke et al. 2003)
refinement loops are used to obtain a minimal domain justi-
fying the input.

We next introduce basic notions from planning and do-
main learning. We then discuss related work in Section 3,
followed by an introduction of SIFT and its limitations in
Section 4. In Sections 5 and 6, we propose and evaluate our
algorithm, before concluding in Section 7.

2 Background

We start by introducing STRIPS and lifted planning, before
defining basic notions relevant to domain learning.

STRIPS Planning. We consider STRIPS (Fikes and Nils-
son 1971) extended with negative preconditions:

Definition 1 (STRIPS Planning Domain). A STRIPS plan-
ning domain is a pair D = (F,A), where F is a
finite set of Boolean (state) variables and A is a fi-
nite set of actions. Each action a € A is a tu-
ple a = (prec(a),neg-prec(a),add(a),del(a)), where
prec(a), neg-prec(a) C F are the positive and negative pre-
conditions, and add(a), del(a) C F are the add and delete
effects, respectively. Any subset s C F is called a state. We
use eff(a) = add(a) U del(a).

Intuitively, variables in a state s are considered true,
whereas those not occurring in s are considered false.

Definition 2 (Applicability and Successor State). Let D =
(F, A) be a planning domain. An action a € A is called ap-
plicable in a state s C F if prec(a) C s and neg-prec(a) N
s = 0. Fora € Aand s C F, the successor state obtained
by applying a in s is yp(s,a) = (s \ del(a)) U add(a) if a



is applicable in s and it is undef otherwise. Given a state
S0, a sequence of actions as = {aj,...,ay) induces a se-
quence of states si,...,Sn If, foreach 1 < i < n, a; is
applicable in s;—1 and s; = yp(si—1,a;). We call as an
applicable action sequence and write vp(s,as) instead of
P)/D(’YD(- ) an—l)v an)-

In the remainder of the paper we often do not state that an
action sequence is applicable, but assume this silently.

Definition 3 (Planning Problem). A planning problem is a
triple Il = (D, s;,g), where s; C F is the initial state and
the goal g is a set of literals over F. A plan or solution for
I1 is an applicable action sequence 1 = {(aq,...,a,) S.t
’YD(siaﬂ—) 2 {’U | vE g} and’}/D(Si/n—)m{v | CAS g} = @
The set of all plans for 11 is denoted 0(11). We use prec(w) =
Ui, prec(a;), neg-prec(m) = \J.-_, neg-prec(a;).

As an abstraction, we model plans for a single planning
problem by (D, (), ?), encoding the initial state and goal as
the first (initial) and last (goal) actions. This technique is
common in various planning contexts, like domain learn-
ing (Yang, Wu, and Jiang 2007). If we refer to plans for a
domain, we assume the empty planning problem as before
and denote 6(D) for all plans for this problem with the first
and last actions being all possible combinations of initial and
goal actions.

Lifted Planning (PDDL). The Planning Domain Defini-
tion Language provides a liffed representation of STRIPS in
which actions and facts are parameterized by (typed) object
variables (McDermott et al. 1998).

Definition 4 (Lifted Domains and Instances). Let T be a set
of types and let V and O be a set of typed variables and
objects, respectively. A term is either a variable or object.
Let P be a set of predicate symbols such that each p € P
has an associated arity n and each of its n arguments has
an associated type. We only consider well-formed predicates
p(t1, ..., tn), where the terms t; correspond to the respec-
tive type. A predicate is ground if it does not contain vari-
ables. A lifted domain is a triple D = (T, P, A), where T
is a set of types, P is a set of predicates, and A is a set
of action schemata. An action schema a(x1,...,z,), with
name a and parameters x1, . . ., Ty, is defined in terms of its
preconditions and effects, which are sets of literals over P
such that x+, ..., x, are all the variables that occur in the
preconditions and effects. Given a set of objects O, an ac-
tion schema can be instantiated into a (ground) action by
replacing its parameters with objects from O (respecting the
types). An instance I = (O, s;,g) for a lifted domain D
provides a finite set of typed objects O, an initial state and a
goal. Grounding all action schemata over O yields a STRIPS
domain Do and a planning problem 11 = (Do, s;, g).

Since an action sequence based on a lifted domain con-
tains the grounded actions, the actions carry the action
schema’s name and the concrete object names with which
the action schema was grounded.

It can be useful to distinguish the so-called static predi-
cates, which are those not changed by any action:

Definition 5 (Static Predicates). Let D = (T, P, A) be
a lifted domain. A predicate p € P of arity n is called

static (in D) if there is no action schema a € A such that
p(x1, ..., x,) occurs in eff(a).

We use a running example (neglecting
types) adapted from the visit-all domain, which
has a single action schema move(xy,x2) =
({at(z1), connected(xy,x2)}, 0, {at(x2)}, {at(z1)}).

The connected predicate is static: the connections are
needed for grounding of the action schema, but they are
never changed.

Domain Learning. Domain learning is the inverse prob-
lem to planning: given action sequences from a hidden do-
main D, the goal is to find a domain where they are applica-
ble. To avoid the trivial empty domain, we require that each
planning problem in the hidden domain has a corresponding
problem in the learned domain with the same set of plans.
We define unobserved lifted domain learning as follows:

Definition 6 (Unobserved Lifted Domain Learning). Let
D = (T, P, A) be a lifted domain and § a set of action
sequences, each applicable in some state of some instance
for the hidden domain D. The task of unobserved lifted do-
main learning is to infer D' = (T', P, A’) from § such that
0(Do) = 0(Dy,) for any set of objects O.

3 Related Work

Domain learning is a well-established area in Al plan-
ning, ranging from fully observable traces to unknown state
variables and predicates. Approaches vary in their goals:
SAM (Juba, Le, and Stern 2021) learns a safe domain al-
lowing only valid action sequences, while FAMA (Aineto,
Jiménez Celorrio, and Onaindia 2019) tolerates missing
states and actions but offers no guarantees. While many
methods assume predefined state-spaces (Yang, Wu, and
Jiang 2007; Tantakoun, Muise, and Zhu 2025; Mourio et al.
2012), few address fully empty state definitions.

The closest related research to our work are
LOCM (Cresswell, McCluskey, and West 2009),
LOCM2 (Cresswell and Gregory 2011), SIFT (Gosgens,
Jansen, and Geffner 2025) and the theoretical work done
by Bachor, Dekker, and Behnke (2025). Bachor, Dekker,
and Behnke show that learning for arbitrary domains,
without any information about state variables, is in coNP,
if additional assumptions are placed on the input plans.
Besides the assumption that the input must be “rational”,
they also only consider STRIPS planning without negative
preconditions. In fact, their reasoning relies mainly on their
lemma five, which states that deciding whether there exists
a domain in which one plan is applicable and another is not
is in P. The proof of this lemma uses the monotonicity of
state variables (a state s O s allows strictly for the same or
more actions to be applicable in s compared to s’), which
does not hold if negative preconditions are present.

LOCM learns a lifted PDDL representation from action
sequences alone by building state machines for object types
that are defined by their position in the parameter list of each
action. Since LOCM relies heavily on the domain structure
of the hidden domain, the authors further proposed the ex-
tension LOCM_2, for which no full evaluation exists.



Building upon LOCM’s inference of types, SIFT uses the
same input as LOCM to build a most restrictive domain first.
This is achieved by introducing action patterns and features
as a variable-centered representation of the domain. Each
feature comprises multiple patterns and expresses the hy-
pothesis that a predicate may exist. This predicate appears
in the actions defined by the action patterns, with arguments
that are likewise specified within those patterns. Inference
of all possible features is made feasible through the typing
LOCM provides, effectively limiting the number of action
patterns with the compatible typing.

SIFT relies on the assumption that all affected state vari-
ables in an action’s effect change value. While the learned
domain does not consider negative preconditions, it is based
on an underlying domain that is similar except for additional
negative preconditions whenever a state variable is added.
This induces a binary (0/1) assignment of action patterns
of features. Based on this structure, constraints are defined
to identify valid features, yielding the most restrictive do-
main. SIFT’s implementation further adds a step to reduce
the most restrictive domain by minimizing the number of
features. After all states along the input are checked for non-
applicable actions, an answer-set program determines the fi-
nal output domain, which contains a minimal set of features
that prohibits all the non-applicable actions.

4 SIFT

The current state-of-the-art algorithm for domain learning
from action sequences alone, which is theoretically sound, is
SIFT (Gosgens, Jansen, and Geffner 2025). As our approach
builds on SIFT, we briefly review its definitions and algo-
rithm. SIFT assumes that the hidden domain is well-formed.
Since their assumption entails not just syntactical correct-
ness but imposes major restrictions on the domain, we call it
the value-alternation assumption:

Definition 7 (Value-Alternating
STRIPS planning domain D = (F,A) is value-
alternating if, for each state s C F and action
a = (prec(a),neg-prec(a),add(a),del(a)) € A such
that a is applicable in s, add(a) N s = () and del(a) C s.

Domains). A

In a value-alternating domain, each action effect changes
the value of the affected variable. Hence, adding something
that was already true is not allowed. With negative precon-
ditions, one can enforce value-alternation by adding effects
of an action in their complement form to the preconditions
of the action. Since SIFT does not handle negative precon-
ditions, value-alternation is not enforced in the learned do-
main, but it is a prerequisite for the hidden domain.

Action Patterns and Features. Rather than describing
action schemata by their preconditions and effects, SIFT
adopts a representation that describes which predicates in
the effects are affected by which parameters. The action
schema move(zy,x2) = ({at(x1), connected(x1,22)}, 0,
{at(z2)}, {at(z1)}) from above affects the predicate ar and
we say that the (negative) effect at(x1) is affected by an ac-
tion pattern that refers to the index of the first parameter,

written move|[1], and the (positive) effect at(x2) is affected
by the action pattern move[2]. Formally, this is defined as:

Definition 8 (Action Pattern). For an action schema

a(xy,...,Tn), an action pattern has the form aliy, ..., i),
where each i;, 1 < j < k, is a distinct index from
{1,...,n}. We call k the arity of the action pattern.

The goal is to learn the predicates of a domain as well as
the action patterns that affect them. The predicates that are
possible given a set of action patterns, are called features:

Definition 9 (Feature). Given a non-empty set B of action
patterns all of arity k, a feature f is a pair (k, B), where B
is called the feature support of f, also referred to as By.

A feature f = (k, B) represents the hypothesis that the
hidden domain contains a predicate f(z1,...,xy) of arity
k whose grounded state variables are affected by all and
only the actions and argument positions defined in By. Con-
sider the at predicate from our example above. A feature
representing at would have arity one and the action patterns
move[l] and move[2], so f = (1, {move[l], move[2]}).

Pattern Signs and Constraints. Under the value-
alternation assumption, SIFT considers only two roles for an
action pattern: add or delete (with corresponding precondi-
tions), encoded by a binary sign. It imposes two constraints:
(1) consecutive patterns, i.e., those affecting the same state
variable within a sequence, must have opposite signs; (2)
for known identical states (e.g., shared initial states), pat-
terns that first affect the same variable across sequences must
share the same sign. Based on these constraints, SIFT deter-
mines which features are valid for the input sequences.

From Features to the Domain. Depending on the sign as-
signed to each pattern for a feature, the feature is added as a
predicate with the corresponding effects. Preconditions are
assigned if, under the constructed effects, a state variable
is always true before the application of the action. To re-
duce the number of calculations, SIFT only learns non-static
predicates. To handle static predicates, each action schema
of arity n is extended with an n-ary predicate. The grounded
state variables of static predicates are part of the initial state
iff the corresponding action appears in the input.

Type Inference. A naive enumeration of all features over
the observed action names is exponential in the number of
action patterns. Like LOCM (Cresswell, McCluskey, and
West 2009), SIFT infers object types from the traces to make
the approach computationally feasible: an initial type wy ; is
assigned to each argument position ¢ of each action schema
a. Two types w, ; and wy ; are merged if there is an object in
the traces that appears both as the i" argument of a and as
the j™ argument of b. This process is iterated until a fixpoint
is reached, partitioning all objects into disjoint types. Fea-
tures are then generated only for action patterns with com-
patible type signatures, which reduces the hypothesis space.

Maximum Domain. SIFT introduces the notion of a max-
imal domain D,,,, that is equivalent (i.e., can generate the
same action sequences, given the same objects) to the hidden
domain D. Since SIFT considers all valid features, D,,,, can
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Figure 1: Visit-all domain examples with the agent start-
ing at location l;; the dashed arrows show possible paths:
(1) move to [, (2) return to 3, (3) move to [,; Step (2) adds
visited(l,) again, violating SIFT’s assumption

be learned given the right input sequences. Gosgens, Jansen,
and Geffner (2025, Theorem 20) state that there exists a fi-
nite set of sequences that allows learning a domain equiv-
alent to D. Deciding whether a given set of sequences has
this property is conjectured to be undecidable.

4.1 Limitations of SIFT

While SIFT performs well on many benchmark do-
mains, certain structures, which also occur in bench-
mark domains, cannot be learned due to the value-
alternation assumption. Consider again move(x1,x2) =
({at(x1), connected(x1,x2)}, 0, {at(x2)}, {at(x1)}), with
an instance with three fully connected locations I, I,
and /., and an agent starting in [,. Given the applica-
ble action sequence (move(l, 1), move(ly, 1), move(l.,l,),
move(lq,1p)), SIFT is not able to learn any binary feature:
assume that the first action move(l,, ;) flips the truth value
of the predicate for the feature. Since the value is not flipped
again by the next two actions (they use different ground-
ings), the last action (again move(l,, l)) would not flip the
truth value, violating the value-alternation assumption. An
analogous case can be constructed for features of arity one
and just one action pattern.

It is also easy to show that SIFT would not have valid fea-
tures if we allowed multiple at variables to be true in the
initial state. We focus, however, on a limitation that is more
relevant to the standard benchmarks. In the full visit-all do-
main, a unary predicate visited records the already visited
locations. Since the value-alternation assumption is violated
for visited, the predicate cannot be learned. We call such
kinds of predicates achievement predicates:

Definition 10 (Achievement Predicate). Let D = (T, P, A)
be a planning domain, then an n-ary predicate p € P is an
achievement predicate if, for each a € A, p(x1,...,2,) N
prec(a) = 0§ and p(z1,...,x,) Ndel(a) = 0 and, for some
a€ A p(ry,...,x,) € add(a).

The key intuition is that some domains decompose goals
into subgoals that must be achieved once but need not hold
at the end. In visit-all, each location defines such a sub-
goal. Since not all locations must hold in the final state, a
visited predicate is introduced to refer to intermediate states.
While such achievement predicates do not affect which ac-
tion sequences are applicable, they determine which prob-
lems can be modeled. To illustrate why such predicates can
be unlearnable for SIFT, consider Figure 1. There are, again,
three locations, [, I3, and [., and the goal is to visit each at
least once. The agent starts at I, so visited(ly) is initially
true. Unlike before, only location [}, is connected to both [,

and .. Moving to [. adds visited(l.); reaching [, then re-
quires returning via l,. Revisiting [, re-adds visited(l}), al-
though it is already true, violating SIFT’s value-alternation
assumption. While all hidden-domain action sequences re-
main executable, the learned domain cannot represent prob-
lems where the shortest plan from [; exceeds one step.

Besides the achievement predicate in visit-all, we were
able to identify other domains in which the value-alternation
assumption was not met by the original domain model, in-
cluding but not limited to movie, rovers, and satellite.

To address this, we propose JUS (JUstified Sift), which
drops the value-alternation assumption of SIFT, yielding a
larger but more inclusive version of D,,,, that is iteratively
reduced to a usable domain. JUS takes plans as input that
reflect practical settings with “reasonable” plans (containing
no unnecessary actions), corresponding to the notion of a
perfect justification as introduced by Fink and Yang (1992)
and adapted by Bachor and Behnke (2024). Before introduc-
ing justification, we define the closure of a plan, as the set of
all subplans:

Definition 11 (Closure of a Plan). The closure of a plan

m = {a1,...,ay), written T, is the set of all subsequences
of w that preserve the relative ordering of actions, i.e., T =
{{aiy, - ai) |1 <ip <+ <ip <n,k<n}

With the closure, we can define justification as follows:

Definition 12 (Well-Justified and Perfectly Justified Plans).
Given a set of plans 6 = {my,...,m,}, § = U\, 7. A
plan 7 of length n for a planning problem 11 is called well-
justified if no sequence of length n — 1 in 7 is a plan for 11;
w is perfectly justified if no element of 7 is a plan for I1.

Besides applicable sequences, additional information is
needed to learn a domain, which can be provided through
the implied negative plan examples of justified plans.

5 JUS
The value-alternation assumption lets SIFT assign a bi-
nary truth value to each pattern of each feature, indicating
whether the predicate is added or deleted. Without this as-
sumption, all possible roles a pattern can play with respect
to its action must be considered.

Definition 13 (Influence). Let f = (k,B) be a feature.
The influence of an action pattern aliq,...,ix] € B on f
is an element of T = {prec,neg-prec,add,del, prec + del,
neg-prec + add}.

Intuitively, the influence specifies where the predicate im-
plied by f with its pattern grounding appears in the ac-
tion definition. Only six influences are considered, as others
would make a inapplicable (prec + neg-prec), are syntacti-
cally ambiguous (simultaneous add/delete), or meaningless
(e.g., deleting a required-false fact). Under SIFT’s assump-
tions, only the last two are considered structurally. Thus,
JUS strictly generalizes SIFT’s binary sign assignment by
considering all six influences. We introduce a pattern func-
tion to make them explicit.

Definition 14 (Pattern Function). A pattern function for a
feature f = (k, B) is a mapping ¢ : B — T that assigns
an influence to each action pattern in B.



We extend Definition 9 with a pattern function, yielding
an annotated feature f = (k, B, ¢s). The translation to
a predicate py(x1,...,xy) is direct: for each a[t] € By,
pr(t) € ¢(alt])(a), ie., it appears in the preconditions or
effects specified by ¢. For simplicity, we still refer to an-
notated features as features. The domain D with only the
predicate implied by f is called D;. Feature enumeration
follows SIFT: after type inference, JUS collects all features,
then considers all |Z||Z7! influence combinations, adding the
corresponding pattern function to each feature and thus re-
placing each with multiple annotated features.

To handle the large number of features, JUS first com-
putes an upper bound of D, D,.s, by checking all features
for validity, similar to SIFT but with slightly different con-
straints (discussed below). It then searches for a domain with
a minimal number of predicates from D, that preserves all
input justifications. We focus on a single planning problem;
multiple problems can be handled by intersecting their D,,;.

Validity of a feature f is checked by progressing each in-
put plan in D;. During progression, we collect literals re-
quired in the initial state and verify that all preconditions
hold. If any precondition fails or a state variable must be
both true and false initially, f is invalid. The collected liter-
als form a partial state:

Definition 15 (Partial State). Let D = (F, A) be a STRIPS
domain. A partial state s is a set of literals over F, contain-
ing, for each v € F, at most one of v or —w.

In a partial state, a variable’s value may be known or un-
known. After validating a plan 7 = {aq, ..., a,), the initial
state s; contains all literals that first appear as preconditions
and are not affected by earlier actions. For defining this pre-
cisely, let, for v € prec(w), 7,(v) denote the smallest ¢ such
that v € prec(a;). We analogously define 7,,(v) for negative
preconditions. With that we define

si ={v|v € prec(m) and v ¢ U;”:(f)_l eff(a;)} U
{-v | v € neg-prec(r) and v ¢ U;;(lv)*l eff(aj)}.

For multiple plans, initial states are unioned; if this vio-
lates consistency (i.e., includes both v and —w), the feature
is pruned. An upper bound on the goal is obtained by in-
tersecting the states after application of all plans. Literals
whose complement does not hold after the application of all
plans for a problem build an upper bound on the goal.

Using all valid features yields the domain D, which is
an upper bound for D,,,, of SIFT, since all features of D,
must be valid for the input and, thus, are part of D,.,. Fur-
thermore, D, relates to the most restrictive domain as in-
troduced by Bachor, Dekker, and Behnke (2025), in that it
allows all input plans, not just one.

Definition 16 (Restrictiveness (Bachor, Dekker, and Behnke
2025)). Let D and D' be grounded domains. We say D is
more restrictive than D', written as D < D' if it holds that
6(D) C o(D’).

D, is the most restrictive domain: it contains all features
and, therefore, predicates that allow the input plans.

Lemma 1. Given an arbitrary set of objects O and two
lifted domains D = (T, P, A) and D' = (T, P’, A") where

Algorithm 1: Domain Learning with Annotated Features

Input: A set of perfectly justified plans 6 = {m1,..., 7}
Output: A minimal learned domain D,,,;,,

F = enumerate-all-features(d) ; s; = g = 0

for each feature f € F' do
if f is not valid then F.remove(f)
. else si.append(slf ) and g.merge(gy)
Remove symmetric and dominated features from F'
while TRUE do
Generate candidate set candidates C F
if § is justified in D gugidares then
Restrict s;, g to candidates
return: (Dcandidatesa Siy g)
else

Find counterexample ce for justification

L Refine rules for candidate generation based on ce

P’ C P and A’ contains all actions of A restricted to pred-
icates from P', it holds that Do < Dp,.

Proof. If Do % Dy, there exists =
(@i a1,...,an,aq) € 0(D) st. m ¢ 6(D’). We mark
a; as ag and ag as an41. Hence, either a precondition or
negative precondition must be violated. Assume w.l.o.g.
that a positive precondition is violated and there is some
v € prec(ay) st. v € vpr (0, (ao, . .., ax—1)). Therefore,
da; with j < k, v € del(a;) and v ¢ U?;;H add(ayp).
Since all predicates of D’ are also predicates of D, v must
also be part of D and be absent in vp,, (0, (ag, ..., ar—1))
as the effects and preconditions are equal in Do and Dy,
concerning v. Hence, 7 cannot be a plan for Dg. O

Since D, is most restrictive, all input plans remain jus-
tified if they were in the hidden domain. However, its many
predicates make it hard to identify the relevant ones. JUS,
therefore, computes a domain with a minimal subset of fea-
tures from D, that still justifies all input plans. As outlined
in Algorithm 1, it first prunes features via dominance and
symmetry and then applies two intertwined CEGAR-loops
to refine the initial state and features until a solution is found.

5.1 Dominance and Symmetry

To find a minimal domain, JUS reduces the CEGAR search
space by removing so-called dominated features, which do
not affect the restrictiveness of D, for the input.

Definition 17 (Dominance). Let 0 be a set of plans for a
hidden planning problem 11, f and f' valid features w.r.t. 0,
and s¥ and g the partial initial state and goal implied by 0.
Then f dominates [’ w.rt. 0, written f <s f', ifany m € §
for any s; compatible with st that is a plan for (Dy, s, g) is
also a plan for (Dy, s;, ).

Dominance is defined w.r.t. the input plans: a dominated
feature cannot prohibit any plan not already prohibited by its
dominating feature. Thus, it suffices to consider only non-
dominated features. Testing dominance reduces to compar-
ing patterns, pattern functions, initial state, goal, and predi-
cate arity. We first formalize relevant state variables:



Definition 18 (Relevant state variables). Given a feature f,
a plan 7 with implied goal g, and a domain D, the set v ()
of relevant state variables is prec(m) U neg-prec(m) U g.

Relevant ground state variables are all action precondi-
tions in a plan including all goal variables. For a set of plans,
we write v (6) = |, ¢s(prec(m) U neg-prec(m)) U g.

Theorem 1. Given two features [ and f’, a set of plans
0 and their implied partial initial state s; and goal g, the
following conditions are sufficient to show [ <5 f'.

1. f and f' have the same arity k.

2. Vpg(xr,...,xk) € rvg(d): Either pg(z1,...,2k),
pr(x,. .., Tk) € si or —pp(T1,...,Tk),
—pg(x1,...,28) € si. The same holds for all rel-
evant state variables of ' compared to f.

3. fand [’ have the same effects.

4. All (negative) pre- and goal-conditions of [’ must also
occurin f.

In special cases, condition 3 can be relaxed further:

Corollary 1. If f and f' do not contain any negative pre-
condition (resp. positive precondition), condition 3 can be
relaxed to:

3.1 All delete (resp. add) effects of [’ must also occur in f
and all add (resp. delete) effects of f must occur in f'.

Proof. Proof by contradiction. Consider a plan 7, and two
features f, f’, adhering to all conditions of Theorem 1. As-
sume f £, f'. Hence, some plan 7 = (aq,...,a,) € 7,
for the problem IT; = (Dy,s;, g) must exist, which is no
plan for Iy = (Dys,s;,g). We represent the problems
with an initial (ag) and goal (a,4;) action. The new plan
is m = (ao,...,ans1). Hence, yp, (I, 7) must be defined,
whereas vp , (0, 7) = undef. For 7 not to be applicable in
Dy, anaction a; € 7 must exist with an unmet precondition
p. Assume w.l.o.g. p to be a positive precondition. Then, p &
YD, (0, {(ao, ...,aj—_1)). Therefore, p has been deleted after

the last time it has been added. Since all preconditions of f’
are also preconditions of f, p € vp, (0, (ao,...,a;-1)). In
Dy, p must be added by an action ay, in (ay, ..., a;_1) and
not be deleted by any a, with & < & < j. In Dy either p
is not added by ay, or there exists an action a, that deletes
p just in Dy, If f contains positive and negative precon-
ditions, both options imply that the effects of f and f’ are
not equal, contradicting assumption 3. In the other case, ac-
cording to assumption 3.1, all delete effects of f’ must also
be part of f contradicting the existence of a, and all add
effects of f occur in f’ contradicting the existence of ay.

O

Removing dominated features from D,,, preserves max-
imal restrictiveness for the given input plans, but not nec-
essarily for other plans from the same hidden domain or
even subsets of the input. This is because there might ex-
ist other problems for D, that require different values for
the initial state, which allows different plans to be appli-
cable. For a concise example, consider a ground domain
(which can easily be extended to a lifted one) with actions

a = ({f17f2}7®v {f3},{f1, fo}) and b = ({f1}7®7{f3}7®)
and the plans {(a), (b)}. The plans imply s; = {f1, f2} and

g = {f3}. Since f; has an additional precondition compared
to fa, f1 <{(a),b)} fo. Consider now the initial state {f;}.
Without f5, a equals b keeping both plans solutions. With
fa, only (b) is a solution. Therefore, removing fo eliminates
the ability to forbid the plan (a) for the unknown problem.

After removing dominated features, we can further reduce
the set by eliminating symmetric features.

Definition 19 (Symmetry). Opposite influences are prec to
neg-prec, add to del, and prec + del to neg-prec + add. We
call two features [ and f' symmetric if they contain the same
action patterns and their pattern functions produce opposite
influences for the same patterns.

By symmetry, all grounded state variables of the features
take opposite values after the first influencing action. Hence,
removing one of the two symmetric features preserves the
domain’s restrictiveness.

5.2 CEGAR Loop

To find a minimal feature set justifying the input, JUS itera-
tively refines candidate features, starting small and updating
them using counterexamples (Algorithm 1). Candidates are
drawn from features remaining after removing dominated
and symmetric ones and validated against the requirements
of the input plans. If validation fails, JUS generates rules in-
dicating required features and selects new candidates. This
process is inspired by counterexample-guided abstraction
refinement (CEGAR) (Clarke et al. 2003; Seipp and Helmert
2013). JUS selects candidates based on hirting sets, which
have been used in multiple different settings within Al plan-
ning (Lin, Grastien, and Bercher 2023; Bavandpour et al.
2025; Welt et al. 2025):

Definition 20 (Hitting Set). Given a set of sets A =
{A1,...,An}, ahitting set hs(A) is a set in which hs(A) N
N #Dforalll <i<n. IfA =10 hs(A)=0.

Candidate features are selected by computing a minimal
hitting set of the set of all feature repairs for all previous
counterexamples.

Definition 21 (Feature Repair). A feature f is called a repair
for a counterexample ce for the justification of a set of plans
d if it is possible to create a problem (Dy, s;, g) so that ce is
not a plan for it, but all plans in § are.

A hitting set is used because each counterexample must
be prohibited. Since the current candidates are insufficient,
at least one feature that repairs each counterexample must
be added, i.e., one from each repair set, which is exactly the
hitting set problem. JUS considers a feature as a repair only
if it is not already a candidate.

The simplest counterexample and repair arises before se-
lecting candidates: the empty feature set permits the empty
plan. Thus, the first repair consists of all features contain-
ing at least one goal variable, and is added to A initially.
Given candidates, JUS checks whether all plans are justi-
fied and generates a counterexample otherwise by testing all
plans with exactly one missing action for well-justification.
For perfect justification, JUS uses the following SAT encod-
ing, based on the encoding introduced by Kautz and Sel-
man (1992), for each plan {aq, ..., a,) and learned initial
state s; and goal g with the variables:



* a;,0 <4 < n:indicating if the ¢-th action is present

e vf,0 <t <n+ 1: value of i-th state variable at time ¢
The clauses for a partial initial state s; and a goal g are built
in the following way:
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Va; : a; — /\v; A /\ﬂv; A /\v;+1 A /\ —\U;--H

vjEprec(a;) wvj€Eneg-prec(a;) wvj€add(a;) vjEdel(a;)

Va; : ma; — (v < 1};-+1) ifv; € eff(a;)

Va; : vj- “ U;H ifv; & eff(a;)

The encoding enforces that actions apply only if precondi-
tions hold, effects persist, and unaffected variables remain
unchanged. It also ensures consistency with the partial ini-
tial state and goal satisfaction. To avoid the trivial solution
where all actions are present, we add Vj_,—a;. Thus, if the
formula is unsatisfiable, the plan is perfectly justified; other-
wise, the true action variables define a counterexample.

While this encoding yields a counterexample, it is insuffi-
cient for finding new feature repairs. Before adding features,
one must check whether a different initial state (under the
current candidates) could prohibit it. JUS therefore employs
a second CEGAR loop within counterexample generation,
refining the initial state until no further refinement is pos-
sible or the candidates form a solution. Refining the initial
state for a counterexample is done by progressing it in the
candidate domain. JUS then compares the resulting initial
state s; with the original s;. If s{ C s;, no refinement is
possible without invalidating the input plans. Otherwise, the
literals in rep = s§ \ s; are literal repairs, as setting them in
the initial state can prohibit the counterexample.

JUS uses a SAT solver to select an initial state across mul-
tiple counterexamples. For each counterexample with literal
repairs lg, . . ., l,, it adds one clause over variables v; (rep-
resenting the variable of [;): a disjunction of v; for literals
requiring true and —w; for those requiring false values. Solv-
ing this SAT formula either yields an adapted initial state to
test or, via a minimal unsatisfiable subset, a set of counterex-
amples that cannot be ruled out by any adaptation. For ex-
ample, if a variable v is not set initially, one counterexample
may yield repair v and another —v; the minimal unsatisfi-
able set contains exactly these two counterexamples. After
generating counterexamples, each non-candidate feature is
tested for repair. As with literal repair, each counterexample
is propagated through Dy and s is compared to s;. If any
literal repairs are found, the feature is added to the repair set.

The algorithm terminates either when it finds a domain
where all input plans are justified, or after all features have
been considered, yielding empty repair and hitting sets. The
latter occurs only if no such domain exists.

6 Evaluation

We implemented JUS with support for perfect justification
only, since our input only entails such. We evaluated SIFT,
JUS and JUS with a restriction to include only features close
to SIFT (superset of the features SIFT generates), each with
their full D,,; and the minimized version. Each of the do-
mains is compared to the hidden domain.

Benchmark Domains and Plan Generation We draw
our benchmark domains from the aibasel-repository,! retain-
ing only domains with at most the requirements : strips
and :typing and that provide multiple problems per do-
main file. As a plan generator, we adapted the symK-
planner (Speck, Mattmiiller, and Nebel 2020) to output per-
fectly justified plans. We limited the plans per problem to 50
and generated until we gathered 100 plans per domain.

Metrics We compare a learned domain D, with the hid-
den domain D}, based on two instances I, and I, where I,
is learned from the plans for I;. From the part of the state-
space defined by the progression of the plans used as in-
put for the learning algorithms, a queue-based exploration
up to a depth k is done. During the exploration, the sets of
applicable actions Ap, and Ap, are recorded. The explo-
ration is guided by applying actions that are applicable in
both domains, disregarding states that are only reachable in
one domain. From the aggregated sets we report soundness
|Ap,NAp, |/|Ap,| and completeness |Ap, N Ap, |/|ADp, |-

Settings Experiments ran all on the BwUniCluster 3.0 us-
ing Intel Xeon Platinum 8358 processors. For the plan gen-
eration, we imposed a time limit of 30 minutes and 8 GiB
of RAM per problem and 1 CPU core. For the learning task,
the limits were 6 hours, 32 GiB of RAM and 1 CPU core, for
the comparison 18 hours, 250 GiB and 2 CPU cores, with a
depth limit of 10 and a limit of 5 minutes for each branch.

Learning Domains After excluding all domains that did
not fit the criteria or did not generate sufficient plans, we
show the time and memory consumption of the different ap-
proaches in Table 1. The table only shows one SIFT version
since SIFT outputs the maximum and minimized domain.

As one can see, SIFT is able to learn 16 out of 21 do-
mains, whereas JUS is only capable of learning 7. JUS-Max
learned 11, since it was able to skip the minimization step.
The versions with limited features managed to learn 11 each
and proved that no domain with just these features exists in
which the input is perfectly justified (as marked by failure in
the learning). The performance advantage of SIFT was to be
expected as JUS needs to consider many more features and
needs to ensure perfect justification.

Results Of the five domains which were learned by all
approaches, only four were able to be evaluated within the
given limits. We present the results for these four domains
in Table 2. For each domain, we calculated the averages
of soundness and completeness over all problems using all
available plans for the problem. We excluded any problem
that violated the given limits for any domain.

As expected, the D, has 100% soundness across all ap-
proaches, since it retains all predicates keeping all inapplica-
ble actions of the hidden domain inapplicable. For the min-
imized versions, soundness differs substantially. SIFT pre-
serves perfect soundness, whereas JUS drops to 22.0% and
JUS-SIFT to 12.1%, indicating that JUS struggles to retain
sufficiently many predicates.

"https://github.com/aibasel/downward-benchmarks



SIFT JUS JUS-Max JUS-SIFT JUS-SIFT-Max
Domain Mem Time Mem Time Mem Time Mem Time Mem Time
barman-opt14 - X - X X - - X - X
blocks 0.3 0 0.2 3 0.1 2 0.0 0 0.0 0
depot 0.5 1 - X 1.2 82 0.1 0 0.1 0
driverlog 0.3 0 5.0 266 4.8 37 0.0 0 0.0 0
freecell X - X - X - X - X -
grid 2.5 1 - X 0.9 23 0.0 0 0.0 0
gripper 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0
logistics98 14 0 - X 4.0 16 0.0 0 0.0 0
miconic 0.7 0 0.3 3 0.2 2 0.0 0 0.0 0
movie 0.1 0 - X 0.7 10 0.0 0 0.0 0
mystery 2.6 1 0.3 12 0.4 3 0.0 0 0.0 0
pipesworld-nt 28.1 58 - X - X 0.4 24 0.6 21
rovers - X X - - X - X - X
storage 0.4 1 X - X - 0.7 2 0.7 2
termes-opt18 4.6 24 - X - X - X - X
termes-sat18 22.8 29 - X - X - X - X
thoughtful-sat14 X - X - X - X - X -
tpp X - X - X - - X - X
visitall-opt11 0.0 0 0.0 0 0.0 0 F F F F
visitall-opt14 0.2 0 0.0 0 0.0 0 F F F F
zenotravel 229 236 - X - X - X - X

Table 1: Learning results: memory in GiB, time in min, X denotes out-of-memory and timeout, resp.; F marks failure to learn;
for JUS-Max D,,; was learned; JUS-SIFT was limited to a smaller set of features, which is still a superset of SIFT’s

SIFT SIFT-D s JUS JUS-Ds JUS-SIFT  JUS-SIFT-D,
Domain C S C S C S C S C S C S
blocks 294 100.0 28.0 100.0 100.0 25.5 227 100.0 9891 7.73 28.0 100.0
driverlog 39.0 100.0 37.8  100.0 74.8 26.3 345  100.0 99.3 10.6 28.2  100.0
gripper 49.1 1000  49.1 100.0 50.5 21.0 39.1 100.0 100.0 22.0 49.1  100.0
miconic 40.5 100.0 405 100.0 63.6 15.1 30.0 100.0 100.0 8.7 40.5 100.0
Average 39.5  100.0 30.8 100.0 72.1 22.0 31.6  100.0 99.5 12.2 364 100.0

Table 2: Evaluation results: averages over instances where all algorithms produced a result showing completeness (C) and
soundness (S), average calculated over all domains, per domain maxima are shaded

The completeness is reversed. All D, score below 37%
completeness, as they are over-restrictive. SIFT improves
this through the minimization marginally to 39.5%, whereas
JUS manages to increase it to 72.1% and 99.5% with JUS-
SIFT. Together, this shows a trade-off where JUS minimizes
more aggressively, as it just considers the plans that threaten
justification as invalid and SIFT uses its value-alternation
assumption to generate inapplicable action sequences. Clos-
ing this gap by giving JUS access to more forbidden plans is
mandatory and a central challenge for future work.

7 Conclusion

We identify a structural limitation of SIFT due to its
value-alternation assumption, which excludes what we call
achievement predicates, and show that such predicates oc-
cur in current Al planning benchmarks. To address this,
we introduce JUS, a domain learning algorithm based on
SIFT that learns from justified plans rather than arbitrary
sequences. JUS extends SIFT’s binary sign assignment to

a six-valued influence, enabling representation of achieve-
ment predicates. JUS further employs a new dominance re-
lation to reduce features in the minimization step. Our eval-
uation shows that JUS achieves much higher completeness
than SIFT at the cost of reduced soundness, highlighting the
challenges of dropping the value-alternation assumption: the
search space grows and fewer negative examples are avail-
able, as only counterexamples to perfect justification can
serve as forbidden plans.

JUS’s minimization step is still too permissive. We plan
to address this by adding negative examples via more in-
put plans and optimal plan lengths, naturally extending the
CEGAR loop to detect forbidden shorter plans. Interactively
involving experts in the process is another option for future
work as are parallelized feature validity checks.
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