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Abstract

It is well known that numeric planning can be made decid-
able if the domain of all numeric state variables is finite. This
bounded formulation can be polynomially compiled into clas-
sical planning with Boolean conditions and conditional ef-
fects preserving the plan size exactly. However, it remains un-
clear whether this compilation has any practical utility. To ex-
plore this aspect, this work revisits the theoretical compilation
framework from a practical perspective, focusing on the frag-
ment of simple numeric planning. Specifically, we introduce
three different compilations. The first, called one-hot, aims to
systematise the current practice among planning practitioners
of modelling numeric planning through classical planning.
The other two, termed binary compilations, extend and spe-
cialise the logarithmic encoding introduced in previous liter-
ature. Our experimental analysis reveals that the overly com-
plex logarithmic encoding can, surprisingly, be made practi-
cal with some representational expedients. Among these, the
use of axioms is particularly crucial. Furthermore, we identify
a class of mildly numeric planning problems where a classi-
cal planner, i.e., LAMA, when run on the compiled problem,
is highly competitive with state-of-the-art numeric planners.

Code — https://github.com/LBonassi95/BitBlast

Introduction

Automated planning is the field of Artificial Intelligence that
studies how to develop intelligent systems that can automat-
ically decide the best action to reach some goal (Ghallab,
Nau, and Traverso 2016). From a computational perspective,
automated planning is the problem of finding a sequence
of actions that achieves a goal, given a formal and predic-
tive specification of the system under consideration. Among
the various formalisation variants appearing in the literature
(Haslum et al. 2019), one that has recently gained signifi-
cant attention is numeric planning (Fox and Long 2003; Le-
ofante 2023; Shleyfman, Gnad, and Jonsson 2023; Bonassi,
Gerevini, and Scala 2024; Helal and Lakemeyer 2024). In
numeric planning, actions and goals are represented using
numeric state variables and conditions, which has proven
useful in several applications (Parkinson et al. 2012; Vallati
et al. 2016; Kiam et al. 2020; Kouaiti et al. 2024).
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Numeric planning is known to be undecidable in its gen-
eral form (Helmert 2002), but decidability can be recovered
(unsurprisingly) by making the domain of numeric variables
finite. Recently, it has been shown that this restriction allows
numeric planning to be compiled into classical planning
with conditional effects via a compilation that is both poly-
nomial and plan size-preserving (Gigante and Scala 2023).
A measure of expressiveness in planning is whether a prob-
lem can be compiled into another without increasing the size
of the plans (Nebel 2000). Indeed, compilations that fail to
achieve this result are believed to be impractical.

However, it is unclear whether the theoretical frame-
work by Gigante and Scala (2023) can truly make classical
planners usable to solve numeric planning problems. Sim-
ilar encodings, commonly known as bit-blasting, are fre-
quently used in the formal methods field (Clarke, Kroening,
and Yorav 2003; Bailleux and Boufkhad 2003; Bruttomesso
et al. 2007; Vizel, Nadel, and Malik 2017). We argue that
similar approaches can also be useful in planning; however,
care must be taken to focus on scalable formulations that do
not burden classical planners excessively.

To address this gap, we put the theoretical encoding of
Gigante and Scala (2023) into practice. Our overall ques-
tion is: how far can classical planners go? We begin with
a base compilation that formalises the current practice of
modelling numeric state variables in classical planning. In
analogy to the SAT literature (Bjork 2011; Miller, Gitina,
and Becker 2011), we call this compilation ONE-HOT. Intu-
itively, ONE-HOT creates a Boolean variable for each possi-
ble value of a numeric variable, tracking their changes as ac-
tions are applied. This approach is expected to scale poorly
because it requires a variable for each possible value in the
numeric domain. Then, we present two compilations based
on a logarithmic encoding of the numeric state variables.
Such compilations start from the definition provided by Gi-
gante and Scala (2023) but provide a concrete implementa-
tion for the arithmetic operation involved in simple numeric
planning tasks. One formulation employs axioms, a plan-
ning language feature that enables the derivation of variables
based on the state assignment. To the best of our knowledge,
this is the first systematic study of the practical aspects of
handling numeric information within classical planning.

We tested the compilations on the domains from the lat-
est International Planning Competition (Taitler et al. 2024).



Our findings reveal a class of mildly numeric planning tasks
where the axiom-based compilation paired with LAMA
(Richter and Westphal 2010) yields results comparable to,
and at times superior to, those obtained with state-of-the-art
numeric planners.

Background

This section introduces the input language for our compila-
tions: numeric planning in a normalised form leveraged by
the compilation process. We then outline classical planning
with conditional effects and axioms, the target formalism,
followed by a brief overview of logical circuit theory.

Numeric Planning

A zero-restricted numeric planning task (RTy) is defined as
atuple (F, N, A, Z,G) where F and \ are sets of Boolean
and numeric variables, taking value in B = {1, T} and Z,
respectively. A is a set of actions, Z is the initial state and
G is the goal state description. A state s is a full assignment
over F and N and, given v € F U N, s[v] denotes the
value assumed by v in s. Each state s is partitioned into the
Boolean and numeric component, i.e., s = srUsar. Boolean
conditions are of the form (v = b), where v € F and b €
B, while numeric conditions are (v > 0), where v € N.
Conditions, regardless of type, can form formulae ¢ using
thesyntax: g :=T | L | (v>0) | (v =b) |p AN | PV,
wherev € N,v' € F,and b € B.

An action a € A is defined as a pair (pre(a), eff(a)),
where pre(a) is a formula ¢, and eff (a) = eff 7(a)Ueff pr(a)
is a set of Boolean and numeric effects. Boolean effects are
of the form (v := b), where v € F and b € B, while numeric
effects are of the form (v+=q), with v € N and q € Z.
Finally, the goal G is defined as a formula.

A state s satisfies a formula ¢, written as s |= ¢, iff s is a
model for ¢. An action a is applicable in s iff s |= pre(a),
yielding a new state s’ = (s, a) where:

b if (v:=10) € eff r(a)
s'fv] = { s[v] + ¢ if (v +=q) € effp(a)
s[v] otherwise.

A plan for II is a sequence of actions m = {(a1,...,an)
from A. Let (so, . .., S,) be the sequence of states s.t. sg =
Z, Si+1 = Y(Si,ai4+1) foreachi € {0,...,n—1}, mis valid
iff foreachi € {0,...,n—1} s; = pre(a;41) and s, E G.

In the following, for conciseness, we will use v (—wv) in-
stead of (v = T) and (v :=T) ((v= 1) and (v := L)).

We now provide a running example of an RTy to accom-
pany the explanations of compilations.

Example 1 (Running Example). This task involves a single
numeric variable v, initialised to —3. An action increments v
by 1 without any precondition, and the goal requires v > 0.
Formally 1 = (,{v},{a},{v := =3}, (v > 0)), where
a= (T, {(v+=1)}).

An RT( can capture simple numeric planning (SNP) (Scala
et al. 2020), that is, the fragment of numeric planning in
which the numeric conditions are defined as linear arith-
metic expressions and the variables can be increased by a
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constant quantity. This is an immediate consequence of the
compilation by Kuroiwa et al. (2022) from SNP to restricted
numeric planning (Hoffmann 2003). Intuitively, the transfor-
mation from SNP to RT( consists of replacing each condition
(€ > 0), where £ is a linear arithmetic expression over N/,
with the condition (z¢ > 0), where z¢ is a novel numeric
variable that is always kept to hold the value of £. Since nu-
meric variables in SNP take value in (Q, when necessary, the
transformation scales the planning task to remain in Z.

Classical Planning

We now present the target formalism for our compilations:
classical planning with conditional effects (Mattmiiller et al.
2018; Gerevini, Percassi, and Scala 2024) and axioms
(Thiébaux, Hoffmann, and Nebel 2005; Speck et al. 2019),
hereinafter simply classical planning. Formally, a classical
planning task is defined as a tuple (F, X, A, Z, G), where F
is a set of Boolean variables, X is a set of axioms, A is a
set of actions, 7 is the initial state, and G is a formula repre-
senting the goal. Similarly to numeric planning, a state s is a
full assignment over F. In contrast, in classical planning, we
introduce the notion of axioms and derived variables (also
known as derived predicates). Axioms have the form d < ¢
where d is a derived variable and ¢ is a propositional for-
mula over F U D, where D = {d | d < ¢ € X} is the
set of all derived variables. Intuitively, derived variables are
Boolean variables whose truth is determined from a state s
following the definition of axioms. An axiom d < ¢ spec-
ifies that d is derived to be true from a state s if and only if
we can prove that s |= ¢, possibly using other axioms from
X. For example, let F = {a, b}, let s be a state over F, and
let X = {dy + a,dy < b,d3 < di A dy}. The set of de-
rived variables is D = {dy, d2, d3}, and the set of axioms X
specify that d; is true iff s |= a, da is true iff s |= b, and d3 is
true iff d; and ds hold in s. As we can see, determining the
truth of a derived variable may require evaluating multiple
axioms. If the set X of axioms is stratified (Thiébaux, Hoff-
mann, and Nebel 2005), then, given a state s, it is possible
to efficiently and uniquely determine whether any derived
variable d € D holds in s. A direct consequence is that it
is always possible to determine whether a formula ¢ over
F UD is satisfied by a state s. Therefore, we assume that X’
is stratified. In the rest of the paper, if a classical planning
task has no axioms, we omit the set X.

Derived variables can be used to specify the goal G, which
is a formula over F U D, and the model of actions. An action
a € Ais a pair (pre(a), eff(a)) where pre(a) is a formula
over FUD and eff (a) = eff z(a) is a set of (Boolean) condi-
tional effects. A conditional effect has the form ¢ > (v := b)
where ¢ is a formula over F U D, v € F, and b € B. Intu-
itively, a conditional effect specifies that the variable v gets
assigned to b in the next state iff ¢ holds in the current state.
More formally, an action a is applicable in s iff s = pre(a),
yielding a new state s’ = (s, a) where:

U]:{b ifor (v:=0b) €effr(a) and s = ¢

s[v] otherwise.
For conciseness, multiple conditional effects with the same
condition ¢ are denoted using the notation ¢ 1> e where e is

s'|



a set of Boolean effects. As for numeric planning, a valid
plan 7 for IT is a sequence of actions m = (a1, ..., a,) from
A that is recursively applicable starting from Z leading to a
state satisfying G.

Arithmetic Circuits

Let v be an integer. We denote its binary representation in
two’s complement with x bits as the bit vector B, (v) =
(Uk—1,-..,0p), also denoted with v. Here, each v; is a
Boolean value such that v; = T when the i-th bit is 1, and
v; = L when it is 0. The most significant bit v,,_; indicates
the sign of v: if v,_1 = T, v is negative; otherwise, is non-
negative. The range of integers that can be represented with
kbitsis Z, ={v € Z | —2""1 <ov <271 — 1},

The addition and subtraction of two integers x and y can
be implemented using a logical circuit called full adder. This
circuit processes the binary representations of z and y in
two’s complement form (Kroening and Strichman 2016). In
the rest of the paper, we use the symbol & for the exclusive
or,ie., x; y; = (s A—ys) V (=5 Ays).

Definition 1 (Full Adder). Let x and y be two k-bits vec-
tor. A full adder is a logical circuit that performs the bi-
nary addition of x and y. It produces a k-bit sum vector

z = adder(x,y), where the i-th sum and carry bit for
1€{0,...,k — 1} is defined as

c_1 e L 9]
zi e (s Dys) D cia 2
C; > (CCZ A yq) V (Ci—l A (l‘z © yz)) 3)

Let = and y be two integers such that =,y € Z,,
x = By(z),y = Bs(y), 2 = Bu(zx + y) and z =
adder(x,y). Then, if x + y € Z,, the following formula

holds: /\;.:Ol(zi + Z;). Otherwise, a representation error
occurs when = + y & Z,. This can be detected when
the signs of the addends are the same but differ from the
sign of the resulting sum. Particularly, an underflow (over-
flow) z +y < inf(Z,;) (x +y > sup(Z,)) happens when
Tr—1 NYr—1 N\ TZx-1 (mxp—1 A k-1 N Zrk—1)-

One-Hot Compilation

In this section, we formalise the practice of encoding nu-
meric variables with finite domains into classical planning
using a one-hot encoding. To generalise this approach, we
introduce a compilation called ONE-HOT, which takes as in-
put an RT and a finite integer domain ® = {[,l+1,...,u},
where [ and u are integers with [ < u. For a numeric vari-
able v € N, we define a set of Boolean variables corre-
sponding to each possible value in the domain, represented
as {v; | i € ©}. These are referred to as one-hot variables.
When v = i for some ¢ € 9, the variable v; is set to true,
while all other variables referring to v are set to false. Ad-
ditionally, for each v € N, we define a corresponding sign
variable denoted as v, set to true whenever v > 0 and false
otherwise.

The following definition shows how to transform a for-
mula featuring numeric conditions into a formula defined
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with only Boolean conditions. This transformation step is
essential for encoding action preconditions and goals from
numeric to classical planning.

Definition 2. Let ¢ be a formula defined over F UN. We
define the formula 1o(¢) expressed using only Boolean con-
ditions, as the formula obtained by rewriting ¢ where ev-
ery numeric condition (v > 0) is replaced with (v> = T),
where v> is the sign variable of v.

Now, provided we have a method to determine the truth of
a numeric condition using the corresponding sign variable,
we will show how to update the one-hot and sign variables
based on the numeric effects of actions. Since numeric ef-
fects may exceed the bounds of ©, we also introduce another
Boolean variable to detect potential overflows, i.e., 1.

Definition 3. Let 11 = (F, N, A,Z,G) be an RTy, and let ®
be a finite integer domain. Let (v+=q) be a numeric effect of
some action a € A such that q € ©. This effect is encoded as
the following set EFF, (v, q) of conditional effects, involving
only Boolean variables:

EFF, (v, q) = ADD (v, q) U SIGN(v, ¢) U OFq (v, q), where

ADDg (v, q) = {v; > {3, vi1q} | i, + ¢ € D}

SIGN(v, ¢) = SIGNT (v, ¢) U SIGN™ (v, q)
SIGNT (v,q) = {v;>v> | i,i+q€D,i < 0,i+q > 0}
SIGN™ (v,¢) = {v; >—v> | ,i+q€D,i1>0,i4+ ¢ < 0}

OFy(v,q)={v>T|i€D,i+q ¢ D}.

ADD, (v, q) captures the change of the value of v by ¢
for each value assumed by v in ®. It includes a conditional
effect to switch from v; (v = ) to v;44 (v = % + q), pro-
vided that i + ¢ is within ®. SIGN(v, ¢) handles the sign
change effects, i.e., crossing from negative to non-negative
or vice versa. Finally, OF, (v, ¢) captures the possibility that
the value resulting from ¢ + ¢ falls outside .

Now, having a method to encode formulae and effects in-
volving numeric variables, we are ready to formalise ONE-
HOT. In the next definition, we assume that © is sufficiently
large to encompass all numeric constants present in the task.

Definition 4 (ONE-HOT Compilation). Let II =
(FA N, A, Zx U Iy, G) be an RTg and ® = {l,...,u}
with l,u € Z and | < w, a finite integer domain. ONE-HOT
generates a classical planning task with conditional effects
My = (F', A", T',G’) such that:

F =FU{v|ieD,veN}U{vs |veN}U{t}

A ={d |ae A}

o = (ro(pre(a)) A= tefir(@)U | EfFo(v,q)
(v+=q)€eff rr(a)

I/ :I]:UI@ UIZ @] {T: L}

Io= |J ({vg:=TYU{vi:=L1|ieD,i#q})
veEN s.t.
q=Ix[v]
= |J {v==TIu | {v=:=1}
vEN s.t. vEN s.t.
In[v]20 In[v]<0

G =1G)AN-1.



Essentially, ONE-HOT modifies only the numeric compo-
nent of II. For actions, ONE-HOT leaves the Boolean com-
ponent of both the preconditions and effects unchanged.
The preconditions are manipulated using the function 74(+),
while each numeric effect is replaced with a set of condi-
tional effects according to Definition 3.

Similarly, in the initial state, the Boolean variables are left
unchanged. For each numeric variable v, the corresponding
one-hot variable v, is set to true where Z[v] = ¢, while all
other one-hot variables referring to v are set to false (see
To). The sign variables are initialised according to the sign
of the variables A\ in the initial state Z (see Z>).

Example 2 (ONE-HOT Compilation). Let Il be the task
presented in Example 1, and let ® = {-3,...,0}. ONE-
HOT generates the planning task 1l = (F, A, 7',G")
such that F' = {v_3,v_g,v_1,v0,v>,1}, ' = {v_3 :=
T,v_g:=1,v_1:=1,v9:=L,vs:= 1}, asZ[v] = -3,
G =1n((v>0)A=Tt=vsA= T and A = {{(- 1
, ADDg (v, 1) U SIGN(v, 1) U OFs(v, 1))}, where:

ADDg(v,1) ={v_3>{~v_3,v_9},v_9>{-w_o,v_ 1}
v_1 b {_\’U_l,’l)o}}
SIGN(v,1) ={v_1>vs>}
OF, (’07 ].) = {’U()l> T}

Theorem 1. ONE-HOT is sound, and for a sufficiently large
®, ONE-HOT is complete.

Proof Sketch. Let ' be the plan for I1p, where Il is the
classical encoding of IT using ONE-HOT. By construction,
there exists a plan 7 that solves II, where the actions in 7 are
identical to those in 7/, but with their native numeric struc-
ture. Specifically, the Boolean one-hot variables encoding
the A\ variables of IT correctly represent the corresponding
numeric values, and the sign variables ensure the satisfac-
tion of the numeric conditions in which they are involved.
Thus, if 7’ solves Ilg, then 7 solves II. The reverse direc-
tion follows from similar reasoning. 0

Binary Compilations

It is easy to see that one-hot encoding may work well when
the variables’ domains are narrow but becomes impractical
with large domains.

To address this issue, we revise the logarithmic compila-
tion approach by Gigante and Scala (2023) for the specific
case of RTy. Each numeric variable is binarised using two’s
complement representation, and numeric conditions are then
defined by focusing on the most significant bit of this repre-
sentation, i.e., the sign bit.

We present two compilations for this revised approach:
BLAST and an alternative, more compact representation
that leverages axioms, that is BLASTy. All the following
BLAST-based compilations take an RTy as input and rep-
resent all numeric variables using x € N bits, with k >
1. Similarly to the approach taken by Gigante and Scala
(2023), these compilations use a common schema for encod-
ing preconditions and goals, which is provided here for clar-
ity. However, each BLAST-based compilation offers a dif-
ferent planning encoding for the full adder when modelling
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numeric effects. BLAST encodes the full adder using only
conditional effects, whereas BLAST y also leverages axioms
to modularise the computation of the full adder.

BLAST Compilation

First, we focus on the new variables used to represent nu-
meric variables in binary form. Given a numeric variable
v € N, we denote by v. = (vi_1,...,v9) the Boolean
variables representing the two’s complement of v using s
bits. The most significant bit, i.e., v,_1, is the sign bit, and
it will be used to convert a formula involving numeric and
Boolean conditions into one that exclusively uses Boolean
conditions.

Definition 5. Let ¢ be a formula defined over F UN. We
define the formula 7(¢) expressed using only Boolean con-
ditions, as the formula obtained by rewriting ¢ where every
numeric condition (v > 0) is replaced with (v, = 1),
where v,,_1 is the most significant bit of the binary repre-
sentation of v using k bits.

Regarding the effects, BLAST encodes each numeric ef-
fect into multiple conditional effects. Specifically, we en-
code the numeric effect (v+=¢) of some action a € A,
with conditional effects mimicking the full adder provided
in Definition 1, and detect possible overflows. The Boolean
variable to monitor overflow is denoted as 7.

For conciseness, in the rest of the paper, we use ¢ 1 (v :=

b) (with b € B) to denote the pair of conditional effects {¢ >
(v:=10b),7¢> (v:=-b)}.
Definition 6. Let IT = (F N, A,Z,G) be an RTq, and let
k € Nwith k > 1. Let (v+=q) be a numeric effect of some
action a € A such that q € Z,, and let @ = B, (q). This ef-
fect is encoded as the following set EFFg (v, q) of conditional
effects, involving only Boolean variables:

EFFg (v, q¢) =ADDg (v, ¢) U OFg (v, q), where
ADDg(v,q) ={Z; xv; |1 € {0,...,k —1}}
OFg(v,q) ={Vx—1 N a1 A 225 1> T,
W1 AN Ge—1 N 21> T}
Z; =(vi ® ;) ®Cim1

e-{.
’ (Vi Ngi) V (Ciz1 A (v @ gi))

The set ADDg(v, ¢) includes two conditional effects for
each bit, encoding the condition Z; = (v; ® ¢;) ® C;—1,
which represents the ¢-th bit of the binary vector resulting
from the sum of v and q, as detailed in Equation 2. We use
two conditional effects: one sets v; to true when Z; holds,
and the other sets it to false otherwise.

The set OFg(v,q) handles potential overflow resulting
from the numeric effect (v+=¢) by using a formula that ac-
counts for the two possible sources of representation error.

Note that the encoding of the effect does not explicitly
represent the carry bits involved in the Z; formula. Instead,
these carry bits are defined recursively through Equation 3,
which reconstructs the i-th carry bit C; based on the sums of
the previous 7 — 1 bits.

ifi=—1

otherwise.



We are now ready to formalise BLAST. In the following
definition, we assume that « is sufficiently large to represent
all numeric constants present in the problem.

Definition 7 (BLAST Compilation). Ler II =
(FNJAZF U Iy, G) be an RTg and v € N with
k > 1, BLAST generates a classical planning task with
conditional effects 1, = (F', A", T',G"), where:
F'=Fu{v;|i€{0,....,s —1},v e N}U{1}
A ={d |ae A}
a’ = (r(pre(a)) A= 1, eff 7(a) U U EFF; (v, q))
(v+=q)€effrr(a)
I'=IrUZyU{T:=1}

I//\/’: U {'Ufc—l = 4xk-15---,00 ‘= qO}
vENs.L.
q=B (Zn[v])
g'=1(G A1

In BLAST, actions are transformed using a compilation
similar to ONE-HOT, except that we use Definition 5 to ma-
nipulate the action preconditions, i.e., 7(-), and Definition 6,
to encode the numeric effects, i.e., EFFg(-).

In the initial state, we maintain the same assignments for
the variables F while, given v € N, we initialise its binary
representation according to B, (Zx-[v]) (see Z},).

Theorem 2. BLAST is sound, and for a sufficiently large &,
BLAST is complete.

Proof Sketch. The proof follows from Theorem 3 by Gi-
gante and Scala (2023) and the observation that all numeric
effects progress the numeric variables in a manner consistent
with the corresponding arithmetic operations. Specifically,
for each numeric variable, there are two possible cases to
consider: the variable is unaffected or affected by the action.
In the first case, it is straightforward to see that the compi-
lation preserves the frame axiom. In the second case, where
the variable is modified, conditional effects ensure the cor-
rect computation of a full adder. O

Example 3. We consider the RTy 11 provided in Example
1. Let k = 3, BLAST gives us I, = (F', A", T',G") such
that F' = {vg,v1,v0} U {1}, T = {vy = T,v1 :=
Lyvg = T, 1= L}, as {ve,v1,v0} encodes v = —3 in
7', and G' = 7(G) A = 1= —wa A = 1. Regarding the ac-
tions, A = {a’ = (= 1,ADDg(v,1) U OFs(v,1))}. For
ADDg (v, 1), we encode (v+=1) by resorting to Bs(1) =
(g2,q1,90) = (L, L, T). Then, we enumerate all the
formulae Z; for each bit according to Definition 6:

2 = (vo ® q0) ®C-1
Co

Z1=(v1®q)®Co=(v1®q)®((voAgo)V (C-1A (vo® q))
Zy=(2®q)®C =28 @) d((vtAq)V(CoA(n&aq))=

C1

=2 @q) @ ((v1 Aq1) V (((vo A go) V (C—1 A (vo @ q0))) Alvr @ q1))) -

CU
For OFg(v, 1), we enumerate the logical conditions for de-
tecting an overflow according to Definition 6.

After simplifications, we obtain the following effects:

bit 0 bit 1 bir2
—_  —
ADDB(J?7 1) = {ﬁ’UO > vg, Vg D v1 X vy, v2 D (’Uo A 1}1) > UQ}
OFg(v,1) = {—va A (v2 & (vg Avy))> T}

BLAST enables using any classical planner supporting
conditional effects to solve a numeric task. However, BLAST
has a major shortcoming: the set of conditional effects
EFF; (v, ¢) encoding (v+=¢) includes formulae whose size
grows with number of bits . This is because, as we can par-
tially observe in Example 3, the formula capturing the C; 1
carry appearing in the condition of the i-th pair of condi-
tional effects (v; @ ¢;) @ C;—1 > v; contains the formulae
Ci—a, ..., C_; associated with the previous carry bits. As k
grows, the formulae in the conditional effects can become
large enough to limit the scalability of classical planners.

To overcome this limitation, we provide an alternative en-
coding that compactly simulates the two’s complement sum
between two integers by using the power of axioms and de-
rived variables. Intuitively, at the price of adding a few more
(derived) variables, axioms let us evaluate the outcome of
the i-th bit without explicitly involving all previous bits.

BLAST, Compilation

Axioms and derived variables, as also observed in the lit-
erature (Thiébaux, Hoffmann, and Nebel 2005; Borgwardt
et al. 2021; Bonassi et al. 2023), can compactly encode
complex properties, thus simplifying the action model and
goal specifications. In our case, we use axioms to deal with
the main source of complexity of BLAST: the set of condi-
tional effects EFFg (v, ¢). Specifically, given a numeric effect
(v+=¢q), we use axioms and derived variables to compactly
define a set of conditional effects EFFy (v, ¢) that mimic the
full adder provided in Definition 1 and detect overflow.

Definition 8. Ler 11 = (F,N, A, Z,G) be an RTq, and let
k € Nwith k > 1. Let (v+=q) be a numeric effect of some
action a € A such that q € Z, and let @ = B, (q). This
effect is encoded using a set of axioms X, , and a set of
conditional effects EFFx (v, q) defined as follows:

Xyq ={c] + L}U

k—1
U« o a) @4 3o
1=0

k—1
UJLel (i Aai) V(e A (v @ i)}
1=0

EFFx (v, q) =ADDx (v, q) U OFx (v, q), where
ADDx (v,q) ={z;" > v; |1 € {0,...,k —1}}
OFx(v,q) ={vs—1 A Gu1 A _‘szlb 1,
W1 A g1 Az 4> 1

Note that the set of axioms &, , compactly captures the
propositional formulae Z; and C; defined in Definition 6.

We now present BLASTy. Essentially, BLAST» works
exactly as BLAST; the only difference is that BLAST x uses



the axioms and conditional effects provided in Definition 8§
to encode numeric effects.

Definition 9 (BLASTy). Let Il = (F,N, A, Z,G) be an
RTg and Kk € N with k > 1, BLASTy generates a clas-
sical planning task with conditional effects and axioms
I, = (F, X, A,T',G) where F', T/, G’ are defined as

in BLAST, and axioms and actions are defined as:

v-U U

a€A (v+=q)€effpr(a)

A ={d | a€ A}

a’ =(r(pre(a)) A= 1, eff 7(a) U U EFFx(v,q)).
(v+=q)€effpr(a)

Xv,q

From Definition 9, it is easy to see that for any RTo II
and any k, both BLASTy and BLAST produce equivalent
compiled problems.

Theorem 3. BLASTy is sound, and for a sufficiently large
K, BLASTx is complete.

Proof Sketch. For an RTy II, BLAST and BLASTy yield
equivalent compiled problems. Therefore, the thesis holds
by Theorem 2. 0

Example 4. Let 11 be the problem of Example 1. Let k =
3, BLASTy gives us I, = (F', X, A",T',G") such that
F',I',G" are as for BLAST, and

X ={c" « 1,

cg’l +— (vo Aqo) V (ci’} A (vo ® qo)) = v V (ci’i A =),
A AQ) V(e A @ q1)) =t Ay,

St (0 Aga) V(A (02 @ ) = ¢V A,

Zg’l +— (vo ® qo) @ Ci’i = v D Ci’%,

zf’l — (1 ®dq)d 08’1 =0, D 08’1,

z;’l — (V2 ® q2) @ c;)’l =v® cll)’l}

A" ={a' = (= 1,ADDx(v,1) UOFx(v,1))}, where
ADDx(v,1) = {20! b g, 22" b vy, 25" vy}

OFx(v,1) = {-wa A 22" 1}

Experimental Analysis

The experimental analysis assesses the capability of classi-
cal planners in solving numeric planning tasks and compares
their results with those of state-of-the-art numeric planners.

We aim to investigate the extent to which classical plan-
ners can perform when using the different compilations and
determine which encoding performs best in practice. There-
fore, we have implemented the compilations in Python using
the unified planning library (Micheli et al. 2025).

As benchmarks, we considered all the SNP domains from
the latest International Planning Competition (Taitler et al.
2024), except SETTLERS. For SETTLERS, we used the SNP
formulation from Scala et al. (2020), where all numeric
variables are initialised in the initial state. In the original
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formulation, some variables were undefined in the initial
state and initialised by actions, which makes the problem
not SNP. Currently, we do not support tasks that are nei-
ther SNP nor involve undefined numeric variables. Similarly
to what was done by Cardellini, Giunchiglia, and Maratea
(2024), and to understand the behaviour of the compilations
based on the structure of numeric problems, we considered
a measure of the “numericity” of each RT( II calculated as

NI) = % When N(IT) > 0.5, I is strongly numeric
(SN) as there are more numeric variables than Boolean ones;
otherwise, it is mildly numeric (MN).

As classical planners (the target of our compilation), we
considered several options from previous competitions, fo-
cusing on LAMA (Richter and Westphal 2010) (specifically,
stopping at the first solution, denoted as LAMA-FIRST),
as it is a planner that supports axioms and also the best-
performing system over our instances.

On the numeric side, we tested a wide range of differ-
ent planners—PATTY (Cardellini, Giunchiglia, and Maratea
2024), ENHSP (Scala et al. 2020), and NLM-CUTPLAN
(NLM) (Kuroiwa, Shleyfman, and Beck 2023b)—selecting
a high-performing configuration for each. For PATTY,
we used the default configuration. For ENHSP, we
adopted the M(3h||3n) configuration (https:/github.com/
hstairs/jpddlplus/tree/socs24-width-and-mq) from the work
by Chen and Thiébaux (2024). For NLM, we used the SAT?2
configuration (Kuroiwa, Shleyfman, and Beck 2022; Shleyf-
man, Kuroiwa, and Beck 2023), which is a lazy greedy best-
first search paired with an admissible heuristic.

In our experiments, each test run with a classical planner
involves a compilation method and a planning task from our
benchmark suite. Specifically, each run first normalises the
input SNP task into an RT, then compiles it, and finally pro-
vides the output to the selected off-the-shelf planner. Since
all compilations require the size of the finite integer do-
main—such as « bits for the BLAST-based compilations and
the range ® for ONE-HOT —we had to choose the appropri-
ate size for each domain. For each domain, we identified the
largest constant K from the actions, initial state, and goal
description, setting x = [log,(K)] + 1 for all compiled
planning tasks. To ensure a fair comparison, ONE-HOT used
® = Z,, while numeric planners were evaluated on the orig-
inal numeric instances.

We allocate a budget of 1,800 seconds of runtime and 8
GB of memory (for normalisation, compilation, and solv-
ing). The experiments were conducted on an Intel Xeon
Gold 6140M CPU with a clock speed of 2.30 GHz.

Table 1 shows the coverage (number of solved instances)
achieved by LAMA-FIRST on instances compiled by ONE-
HOT (O), BLAST (B) and BLASTy (Bx), compared to
PATTY (P), ENHSP with the configuration M(3h/||3n) (M)
and NLM with the configuration SAT2 (S). The table is di-
vided into two subtables, each corresponding to a class of
domains: SN and MN. We list the number of bits used to rep-
resent the numeric variables (k) and the average numericity
for each domain (). As the table shows, BLAST y outper-
forms the other compilations, achieving the highest coverage
across all domains. This finding suggests that using axioms



. LAMA-FIRST

Domain (#) N kK O B By S P M
BGrouping 20) 1.0 8 2 2 2 0 20 16
Counters (20) 10 8 6 5 5 12 20 10
Watering (20) 1.0 9 0 O 2 19 6 20
Farmland (20) 1.0 15 0 O 4 15 20 20
MTrader 20) 094 15 0 O 0 2 7 20
Sailing (20) 088 12 0 O 5 10 19 20
Pathways (20) 0.7 15 14 14 14 1 20 3

Sugar (20) 064 7 15 12 11 6 20 13
Ysn (160) — — 37 33 43 65 132 122
Settlers (20) 041 5 14 15 15 2 na 2

Expedition (20) 0.39 11 0 0 3 4 3 9

HPower (20) 032 17 0 O 1 18 20 20
Rovers (20) 012 8 6 4 15 8 18 16
MPrime (20) 0.08 5 20 20 20 12 17 19
Delivery 200 002 6 19 20 20 9 5 20
Yun (120) — — 5959 74 53 63 86
32 (280) — — 96 92 117 118 195 208

Table 1: Coverage. Bolds is for the overall best, and un-
derline is the best among compilations. n/a denotes that the
planner is incompatible with the domain.

is highly advantageous, even though the planner must eval-
uate numerous axioms to update the bits for each numeric
variable at every search step. Interestingly, ONE-HOT and
BLAST achieve comparable coverage.

Regarding the comparison between compilation-based
and native systems, it is noteworthy that while BLASTy
performs poorly in strongly numeric domains (the top part
of the table), its performance in MN is comparable to, and
at times even exceeds, that of the numeric planners we
tested. Indeed, BLAST y is the runner-up in the MN tasks. In
these domains, the gap between BLASTx and M(3h/||3n) is
much smaller compared to the SN domains. Specifically, and
somewhat unsurprisingly, BLAST y excels in the DELIVERY
domain, which has only a few numeric variables. Unexpect-
edly, it also excels in SETTLERS, solving three-fourths of
the instances. Although SETTLERS is a challenging numeric
planning problem, the Boolean structure provides sufficient
information for LAMA-FIRST to better guide the search.

Figure 2 shows the coverage over time for all systems,
separately for SN and MN domains. Focusing on MN do-
mains, naturally, compilation-based approaches are slower
than native numeric planners due to the overhead of the com-
pilation time. Indeed, BLAST » becomes the runner-up per-
former after roughly 200 seconds. We also collected data
on the number of expanded nodes by LAMA-FIRST com-
bined with BLAST y and numeric planners based on forward
search, i.e., M(3h||3n) and NLM SAT2 (Figure 1). This is
a measure of the informedness of the heuristics. For SN in-
stances, both numeric planners expand fewer nodes, while
for the MN instances, LAMA-FIRST expands fewer or com-
parable nodes. The separation between SN and MN instances
is even more pronounced in the comparison with NLM
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Figure 2: Coverage over time for MN (left) and SN (right).

SAT2. The results suggest that a simple criterion based on
the numericity of the planning task to be solved can guide
the choice between using numeric or classical planners.

We also tested our compilations with SYMK (Speck et al.
2019), a state-of-the-art optimal planner supporting axioms.
Overall, SYMK solved 23 problems with BLAST », 15 with
BLAST, and 0 with ONE-HOT. For comparison, the optimal
configuration ORBIT for NLM solves a total of 86 prob-
lems. It is worth noting that with compilation approaches,
the optimal plans may vary depending on the choice of «.
Therefore, these results should be seen as indicative rather
than a fair comparison for optimal planning.

Conclusions and Future Work

This paper studies practical compilations from numeric to
classical planning and presents three encodings, two of
which use logarithmic representations for numeric variables.
Our experiments positively address whether there are practi-
cal benefits from the theoretical results provided by Gigante
and Scala (2023). Specifically, we show that the compilation
closest to the theory has limited scalability. In contrast, a re-
fined encoding of the full adder through axioms enables clas-
sical planners to compete with native numeric planners in
some domains. We identify several avenues for future work:
first, we want to study novel numeric heuristics leveraging
our compilations; second, we plan to combine our approach
with an automated way for extracting bounds from a nu-
meric planning task (Kuroiwa, Shleyfman, and Beck 2023a).
Finally, we would like to explore practical compilations for
more expressive fragments of numeric planning.
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