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Combinatorial search—finding solutions thatmeet constraints within an exponentially large space of candidates—
underpins problems from hardware verification to scheduling and combinatorial design. The most successful
approach in practice is Propositional Satisfiability (SAT) solving, but modelling a problem for a SAT solver
requires manually translating high-level requirements into conjunctions of boolean clauses, a tedious step
that sacrifices clarity and modularity. Answer Set Programming (ASP) offers a higher-level alternative, with a
rule-based language whose variables and finite-domain reasoning yield more compact problem descriptions
that can be automatically compiled into low-level solver input. Yet, ASP has its own shortcomings: its semantics,
defined via a notion of stable models, is hard to build intuition for; it does not allow arbitrary first-order logic
formulas as constraints; and its programs tend to be monolithic, making modular design and reuse difficult.

We propose SetLah!, a semi-declarative language for combinatorial search that addresses the shortcomings
of both SAT and ASP. A SetLah! program is a sequence of stratified blocks, each containing rules that define
the search space and arbitrary first-order logic constraints that prune it. This block structure enables modular
problem decomposition, allowing for an intuitive semantics: candidate solutions are generated and filtered
block by block. We built a compiler from SetLah! programs into ASP, allowing us to take full advantage of
the existing efficient ASP solvers, while also automatically optimising the generated encodings. Our empirical
evaluation demonstrates that SetLah! offers substantially more concise and intuitive specifications for common
combinatorial search problems, and its compiled ASP encodings can significantly outperform SAT-based tools.

CCS Concepts: • Theory of computation→ Constraint and logic programming; • Computing method-

ologies→ Logic programming and answer set programming.
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1 Introduction

Combinatorial search—finding constrained solutions over large, discrete search spaces—is hard. It is
hard in principle: unless P = NP, there is no polynomial-time algorithm that can solve all instances
of NP-complete problems, the class to which most combinatorial problems belong. It is also hard in
practice: while small problem instances might be amenable to brute-force enumeration (e.g., the
classical eight-queens problem), real-world instances such as hardware verification or large-scale
scheduling are far beyond the reach of naïve search.

Guess-and-check is a dominant approach used to solve instances of NP-hard problems in practice,
and Propositional Satisfiability (SAT) [13] is its most prominent incarnation: a problem instance
is encoded as a set of boolean variables and constraints over them, and the solver searches for
a satisfying truth assignment, i.e., a mapping of all variables to true or false that meets every
constraint. Thanks to highly efficient SAT solvers equipped with Conflict-Driven Clause Learning
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(CDCL) [82], advanced heuristics [60, 69], and established techniques for parallel [35], and incre-
mental solving [31], many large-scale combinatorial problems—from formal verification [10] to
planning [52] and automated theorem proving [48]—can now be solved effectively in practice.
Despite this efficiency, a significant modelling gap persists: to use a SAT solver, one must map

the search space to boolean variables and encode the constraints as formulas in the conjunctive
normal form (CNF). This process is tedious and error-prone, requiring careful handling of logical
equivalences, as even minor changes in the problem specification can invalidate the entire encoding.

Answer Set Programming (ASP) [16, 71] presents an alternative to manual encoding of combina-
torial search problems into logic programs, offering a declarative paradigm. Rather than requiring
the user to flatten constraints into boolean clauses, ASP provides a rule-based language with
first-order variables and constraints over finite domains, enabling compact and potentially reusable
problem descriptions. For this reason, many ASP researchers describe it as “a modelling language
for SAT” [61, 63]. Yet, despite its expressive capabilities, ASP poses significant barriers to entry for
the newcomers. Rooted in logic programming (LP) and knowledge representation (KR), ASP relies
on stable model semantics [44] to define the meaning of its programs. This semantics determines
which sets of facts (called stable models) an ASP program admits, but the definition of stable models
involves a non-trivial model theory that makes it difficult for non-experts to predict a program’s
behaviour or to understand why a particular solution is produced.
Although ASP provides a higher level of abstraction for encoding specific search problems

than propositional formulas, it has been recognised that its declarative language does not fully
close the modelling gap. Efforts to make stable models more accessible have proposed alternative
formulations (as many as thirteen distinct definitions [62]), but these build on logical foundations
such as Circumscription [67], equilibrium logic [49], and the situation calculus [76], which remain
unfamiliar outside the LP/KR communities. Other approaches offer a simpler [25, 33] or refined
syntax [27, 66] for ASP, but they either restrict the class of problems that can be modelled or require
their own solver infrastructure, forgoing the optimisations of mature ASP systems.
We believe that what is needed is a language that combines the solver efficiency exploited by

SAT with the modelling convenience promised by ASP, while avoiding the pitfalls of both. In our
attempt to design it, we identified three core challenges that have hindered the broader adoption of
ASP for combinatorial search (cf. Sec. 3), and that existing approaches do not adequately address:
(1) Unintuitive semantics: SAT and ASP both follow the guess-and-check paradigm, yet ASP’s

stable-model semantics is less immediate than SAT’s truth-assignment semantics: the model-
theoretic ASP semantics defines which sets of facts are valid under logic programs, but offers
little intuition about what is guessed and how checking works, making it hard to understand.

(2) Restricted first-order logic support: Although ASP allows for using variables in its programs,
it does not accept arbitrary first-order logic (FOL) formulas as constraints. Programmers can
only describe specifications with restricted forms of FOL, sacrificing the clarity that first-order
notation provides and complicating the modelling.

(3) Lack of modularity: ASP programs are monolithic: they declare the entire search space at once
even when a problem naturally decomposes into dependent subproblems. Users must track
implicit control flow to ensure correctness, making programs difficult to compose and reuse.

In this work, we propose a new programming language SetLah! (SET constraint LAnguage on
choice Horn clauses) designed to address these challenges. The key idea behind SetLah! is to
occupy a middle ground between ASP’s monolithic declarativeness and SAT’s low-level encodings.
A SetLah! program is a sequence of blocks, ordered so that each block may only refer to predicates
defined in earlier blocks. Within each block, the user writes rules that generate candidate solutions
and arbitrary FOL formulas that constrain them. We call this design semi-declarative: blocks are
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declarative internally—users specify what to search for, not how—but their sequencing gives explicit
control over the problem decomposition. The semantics mirrors this structure: each block computes
a set of candidate solutions via a fixpoint that branches on non-deterministic choices, then filters
the result against the FOL constraints before passing it to the next block.

Contributions. In summary, this work makes the following contributions:
• We design SetLah!, a semi-declarative language for combinatorial search: it is declarative within
each block, where users state guess-and-check specifications with arbitrary FOL constraints,
and semi-declarative across blocks, where users explicitly sequence dependent subproblems for
modular decomposition (Sec. 3).
• We give SetLah! an intuitive branching fixpoint semantics that generalises Datalog’s least model
construction to sets, and remains consistent with ASP’s stable model semantics (Sec. 4).
• We develop a compilation pipeline from SetLah! to ASP that automatically splits, normalises,
and optimises FOL constraints into efficient ASP encodings, reusing mature ASP solvers (Sec. 5).
• We evaluate SetLah! on Graeco-Latin squares, bounded model checking, and quantum circuit
mapping, showing that its ASP output can significantly outperform SAT-based tools, while
offering substantially more concise and easier-to-understand problem modelling (Sec. 6).

2 Background: SAT and ASP

Before introducing SetLah!, we outline the fundamental concepts of SAT and ASP that it builds
upon. For this, we assume the reader’s familiarity with standard propositional and first-order logic.

2.1 Propositional Satisfiability

The SAT problem asks whether there exists an interpretation (i.e., an assignment of all Boolean
variables) that satisfies a given propositional formula. SAT solvers typically operate on formulas in
Conjunctive Normal Form (CNF). A CNF formula 𝜙 is a conjunction of clauses, where each clause is
a disjunction of literals (a variable 𝑥 or its negation ¬𝑥).

𝜙 =
∧
𝑖

𝐶𝑖 , 𝐶𝑖 =
∨
𝑗

𝑙𝑖 𝑗

An interpretation 𝐼 (a truth assignment to variables) satisfies𝜙 , denoted 𝐼 |= 𝜙 , if it satisfies at least
one literal in every clause. While SAT is the canonical NP-complete problem, modelling constraints
in CNF often results in a loss of structural information: quantified or nested constraints must be
flattened into individual clauses, obscuring the relationship between the original specification and
its encoding (we will demonstrate this using the Latin square example in Sec. 3.1).

2.2 Datalog

While SAT operates on flat propositional formulas, ASP takes a different approach rooted in the
logic programming tradition: problems are expressed as collections of rules that derive new facts
from existing ones. Before introducing ASP proper, we recall Datalog [20, 56], the fragment of logic
programming in which rules can only derive new facts, never retract them.

A Horn clause is a disjunction of literals containing at most one positive literal. A definite clause

𝐴 ∨ ¬𝐵1 ∨ · · · ∨ ¬𝐵𝑚 has exactly one, and is equivalently written as the rule 𝐴 :- 𝐵1, . . . , 𝐵𝑚 . A
(propositional) definite logic program is a finite set of rules of the form 𝐴 :- 𝐵1, . . . , 𝐵𝑚 , where
𝐴 (head of the rule) and each 𝐵𝑖 in the body are atoms. For clarity, we present the propositional
(ground) case first; the practically important extension to first-order rules with variables is discussed
in Sec. 2.5. A rule with𝑚 = 0 is called a fact and is written simply as𝐴. An interpretation 𝐼 is a set of
ground atoms, i.e., atoms whose arguments are all constants rather than variables (by convention,
lowercase names like a, b denote constants, while uppercase names like 𝑋 , 𝑌 denote variables). We
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say that the body 𝐵1, . . . , 𝐵𝑚 is satisfied in 𝐼 iff {𝐵1, . . . , 𝐵𝑚} ⊆ 𝐼 . An interpretation 𝐼 is a model of a
program 𝑃 when for every rule 𝐴 :- 𝐵1, . . . , 𝐵𝑚 . in 𝑃 , if the body is satisfied in 𝐼 then 𝐴 ∈ 𝐼 .

Many semantics exist for Datalog [56], amongwhich the “operational” one based on the immediate

consequence operator (𝑇𝑃 ) is considered the most intuitive. 𝑇𝑃 maps an interpretation 𝐼 to the set of
all heads 𝐴 of rules in a program 𝑃 whose bodies are satisfied in 𝐼 . The least model of a definite
program 𝑃 is the least fixed point of 𝑇𝑃 , obtained by iterating from the empty interpretation:

𝐼0 = ∅, 𝐼𝑛+1 =𝑇𝑃 (𝐼𝑛),

and taking interpretation 𝐼𝑘 where 𝐼𝑘 = 𝐼𝑘+1. This process always reaches a finite fixed point in
Datalog; monotonicity of 𝑇𝑃 ensures atoms are only added (facts are derived) and never retracted.

Example 2.1 (Reachability). We illustrate the propositional account above with a small ground

program that defines reachability in a directed graph.

node(a). node(b). node(c). node(d).

edge(a,b). edge(b,c). edge(c,d).

reach(b).

reach(c) :- edge(b,c), reach(b). % rule 1

reach(d) :- edge(c,d), reach(c). % rule 2

Starting from the facts 𝐼0, the𝑇𝑃 iteration adds reach(c) (rule 1 fires), then reach(d) (rule 2 fires), and

stabilises at 𝐼2 = 𝐼0 ∪ {reach(c), reach(d)}, which is the least model.

We should note that the :- in the rules is semantically different from the implication→. Consid-
ering the tiny program a :- b. b :- a. without facts, its least model is ∅: the 𝑇𝑃 iteration starts
from ∅ and neither rule fires (each requires the other’s head), so the fixpoint is reached immediately.
In contrast, the logical implication (𝑏 → 𝑎) ∧ (𝑎 → 𝑏) has two models: {𝑎,𝑏} and ∅ as in SAT.

2.3 Answer Set Programming

ASP extends Datalog with default negation (or negation as failure). Whereas Datalog can only derive
facts from other facts, default negation lets a rule fire when some atom cannot be derived, enabling
programs to express choices and exclusions—the key ingredient for modelling combinatorial search.
As with Datalog, we begin with the propositional (ground) formulation; the first-order extension
will be discussed in Sec. 2.5. A (propositional) normal logic program consists of rules of the form:

𝐴 :- 𝐵1, . . . , 𝐵𝑚, not𝐶1, . . . , not𝐶𝑛 .

where 𝐴, each 𝐵𝑖 , and each 𝐶 𝑗 are ground atoms. The default negation means that not𝐶 succeeds
when 𝐶 cannot be derived, realising the closed-world assumption (CWA) [75]: anything not entailed
by the program is assumed false. This is natural for combinatorial search, where the goal is to
enumerate exactly those facts that satisfy the constraints, with everything else excluded by default.
The most common semantics of ASP is defined as a stable model semantics [44]. For a candidate
interpretation 𝐼 , the reduct 𝑃 𝐼 is the definite program obtained by removing every rule whose body
contains not𝐶 for some 𝐶 ∈ 𝐼 (those negations are “resolved” to false), and then stripping the
remaining not𝐶 literals (resolved to true) from the surviving rules. An interpretation 𝐼 is a stable
model (or answer set) of 𝑃 if 𝐼 equals the least model of 𝑃 𝐼 . This semantics elegantly captures the
closed-world assumption. However, it brings little intuition on what is being guessed and checked
during the search process, in contrast to the model of SAT or even the least model of Datalog.
Note that a rule with an empty body (𝑚=𝑛=0) is simply a fact. An integrity constraint is a rule

whose head is the distinguished atom false (conventionally omitted), written as:

false :- 𝐵1, . . . , 𝐵𝑚, not𝐶1, . . . , not𝐶𝑛 .
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Because no stable model may contain false, any candidate interpretation in which every 𝐵𝑖 holds
and no 𝐶 𝑗 holds would derive false and is therefore rejected. In other words, integrity constraints
act as filters that discard unwanted candidate solutions.

Example 2.2. Consider the program with unstratified negation (% are comments in programs below):

a :- not b. % rule1

b :- not a. % rule2

The rule1 says that 𝑎 is derived if 𝑏 cannot be derived. To check if 𝐼1 = {𝑎} is a stable model:

• Form the reduct 𝑃 {𝑎} : the second rule is removed (since it contains not𝑎 and 𝑎 ∈ 𝐼1), leaving a.

• The least model of the reduct is {𝑎}, which matches 𝐼1, so 𝐼1 = {𝑎} is a stable model.

Similarly, 𝐼2 = {𝑏} is also a stable model; but 𝐼3 = {𝑎,𝑏} is not: from the reduct 𝑃 {𝑎,𝑏} , both rules are

removed (since both contain negated atoms in 𝐼3), leaving an empty program. Therefore, the program

has exactly two stable models: {𝑎} and {𝑏}. And if we add an integrity constraint :- a. to forbid 𝑎

from being derived, then only {𝑏} remains as the unique stable model.

This example shows the non-monotonicity of ASP: in pure Datalog (i.e., without extensions
like stratified negation [20]), the 𝑇𝑃 operator can only add atoms, so every program has a unique
least model determined by a single ascending chain of derivations. However, in ASP, unstratified
negation creates mutual exclusions (e.g., deriving 𝑎 blocks 𝑏 and vice versa), so the same program
can admit multiple stable models—one for each consistent way of resolving the exclusions.

2.4 ASP Extensions: Choices and Aggregates

To facilitate practical modelling of combinatorial problems,modernASP systems, such as Clingo [37],
WASP [4], support syntax extensions that go beyond normal rules. These extensions operate on
ground programs but are typically written in compact first-order notation. Two widely used
constructs are choice rules and aggregates.

Choice Rules. A choice rule allows for the non-deterministic derivation of atoms.
{𝑎} :- Body.

This rule states that if the Body is satisfied, the atom 𝑎 may be included in the model. This allows
for “guessing” in combinatorial problems, so the solver could explore different atom combinations.

Example 2.3. Consider the program with two rules:

{ a }.

b :- a.

The choice rule on 𝑎 results in two stable models: {𝑎, 𝑏} (if 𝑎 is chosen) and ∅ (if not).

Curiously, the propositional formula 𝑎 ⇔ 𝑏 has the same models as the ASP program above, but
the space for guessing is 2 × 2 = 4 interpretations instead of 2 in ASP (where only 𝑎 needs to be
guessed). This highlights the “rules vs. constraints” distinction between ASP and SAT (cf., Sec. 7).

Aggregates. ASP also supports so-called aggregate atoms (e.g., #count, #sum, #min) in the body
of program rules. An aggregate atom takes the form:

op{𝑉1 : Cond1;𝑉2 : Cond2; . . . } ≺ Bound
where op is an aggregation function over the multiset of values 𝑉𝑖 derived from the condition
Cond𝑖 , and ≺ is a comparison operator. Aggregates allow for compact representation of numerical
or structural properties but can increase the complexity of the grounding and solving phases.

Example 2.4. Consider the program:

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA2, Article 399. Publication date: October 2026.



399:6 Ziyi Yang and Ilya Sergey

{a}. {b}. {c}.

:- #sum { 1 : a; 2 : b; 3 : c } != 3.

The first three choice rules allow any subset of {𝑎, 𝑏, 𝑐} to be chosen. The integrity constraint uses the

aggregate #sum to enforce that the sum of the weights (1 for 𝑎, 2 for 𝑏, and 3 for 𝑐) must equal 3. The

stable models of this program are: {𝑎, 𝑏} and {𝑐}.

In modern ASP systems, aggregate atoms are allowed to appear in the head of rules, and the
choice rules can be seen as a special case of head aggregates. For recursive aggregates, the semantics
is somewhat less straightforward [65], so we only focus on body aggregates in our work.

2.5 First-Order Logic Programming and Grounding

In practice, both Datalog and ASP programs are written in a first-order syntax using variables rather
than listing ground atoms explicitly. A first-order rule has the form:

𝐻 :- 𝐿1, . . . , 𝐿𝑘 ,

where𝐻 (head atom) and each 𝐿𝑖 (body literals, i.e., positive or negative atoms) can contain variables
(typically written in uppercase, e.g., 𝑋 , 𝑌 ).

To compute models in either Datalog or ASP, first-order programs need to be grounded, i.e., trans-
lated into equivalent propositional programs by replacing each variable with concrete constants.
This can be done eagerly (all at once) or lazily (on demand during solving). A naïve grounding
instantiates each rule with all possible substitutions of variables drawn from a finite domain (con-
structed from constants appearing in the program). For instance, the rules in Example 2.1 can
be written compactly as reach(Y) :- edge(X,Y), reach(X). By lazily applying the substitutions
during the fixed-point computation, only those two ground rules (rules with no remaining variables)
relevant to the input graph are instantiated instead of all possible combinations of nodes.

Example 2.5 (An ASP programwith all features above). Consider the first-order ASP program:

dom(1). dom(2). dom(3).

{ f(X) } :- dom(X). % choice rule

:- X=1, not f(X). % integrity constraint

:- #count { X : f(X) } != 2. % aggregate constraint

The grounding process generates the following propositional rules:

dom(1). dom(2). dom(3). % facts (unchanged)

{f(1)}. {f(2)}. {f(3)}. % X -> 1, 2, 3

:- not f(1). % X -> 1

:- 2 != #count{1:f(1);2:f(2);3:f(3)}. % X -> 1, 2, 3

From a guess-and-check perspective, the choice rule allows for any subset of {𝑓 (1), 𝑓 (2), 𝑓 (3)} to be
guessed. Then the later two constraints, firstly, enforce that 𝑓 (1) must be included in the model, and

secondly, require exactly two of the 𝑓 (𝑋 ) atoms to be true. The stable models of this program are:

{𝑓 (1), 𝑓 (2)} and {𝑓 (1), 𝑓 (3)}.

As the example above illustrates, grounding is a key step in the ASP workflow and a major
distinction from SAT [61]: whereas SAT formulas are fed directly to a solver, ASP programs are
first grounded and then solved (e.g., the Clingo system contains Gringo and Clasp).

First-order rules make programs reusable (e.g., the same reach rule set works for any graph) and
enable optimisations such as semi-naïve evaluation [6]. However, grounding can also become a
bottleneck [8, 43]: the size of the ground program can explode for rules with many variables or
large domains, necessitating careful modelling (see the example in Sec. 3.1).
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Besides grounding, a subtle limitation of ASP is that integrity constraints are the only mechanism
for expressing logical properties of models, yet each one is restricted to the negated existential

form: �𝑋 . (𝐵1 ∧ · · · ∧ 𝐵𝑚 ∧ ¬𝐶1 ∧ · · · ∧ ¬𝐶𝑛). Not every FOL formula has this shape; for instance,
∀𝑋 . ∃𝑌 .∀𝑍 . (𝑓 (𝑋 ) → 𝑔(𝑍 ) ∧ 𝑌 > 𝑋 ), which mixes universal and existential quantifiers, cannot be
expressed as a single integrity constraint. In the next section, we show how this restriction and the
grounding bottleneck manifest in a concrete modelling task, and introduce SetLah!—a language
designed to support arbitrary FOL constraints while compiling its programs to efficient ASP.

3 Overview of SetLah!

We now illustrate the design philosophy of SetLah! through a progression of motivating examples,
using the orthogonal Latin squares problem to compare modelling in SAT, ASP, and SetLah!.

3.1 Euler’s Mistaken Conjecture and Latin Squares

A Latin square of order 𝑛 is an 𝑛 × 𝑛 array filled with integers from 1 to 𝑛, each occurring exactly
once in each row and in each column. AGraeco–Latin square (equivalently, a pair of orthogonal Latin
squares) of order 𝑛 can be viewed as two Latin squares 𝑔 (for Graeco) and 𝑙 (for Latin) on the same
𝑛×𝑛 grid such that the superposition (𝑙 (𝑅,𝐶), 𝑔(𝑅,𝐶)) yields a unique ordered pair in every cell (no
pair repeats). A Latin square and a Graeco–Latin square of order 3 are shown in Fig. 1. Determining
whether such objects exist is a classic problem in combinatorial design: the constraints are simple
but tightly coupled, and the search space grows rapidly with 𝑛. Leonhard Euler conjectured in 1782
that no Graeco–Latin square exists for orders 𝑛 ≡ 2 (mod 4), a claim that stood for nearly two
centuries before being disproven [54]. Finding such counterexamples is a compelling benchmark
for combinatorial search tools, so we use a general order 𝑛 to illustrate modelling in SAT, ASP, and
SetLah!, starting with a single Latin square and then adding orthogonality constraints.

3.2 A Latin Square in SAT and ASP

To illustrate the modelling gap between the approaches from Sec. 2, we compare how SAT, ASP,
and SetLah! model the Latin square problem. The key modelling decision is shared by all three:
introduce an atom 𝑙 (𝑅,𝐶,𝐴), where 1 ≤ 𝑅,𝐶,𝐴 ≤ 𝑛, that holds when cell (𝑅,𝐶) contains number 𝐴.
In SAT, the constraint for the square to be Latin is expressed as follows.

∧
1≤𝑅,𝐶≤𝑛

( ∨
1≤𝐴≤𝑛

𝑙 (𝑅,𝐶,𝐴)
)
∧

∧
1≤𝑅,𝐶≤𝑛

1≤𝐴1<𝐴2≤𝑛

(¬𝑙 (𝑅,𝐶,𝐴1) ∨ ¬𝑙 (𝑅,𝐶,𝐴2)) (one number each cell)

∧
∧

1≤𝑅≤𝑛
1≤𝐴≤𝑛

( ∨
1≤𝐶≤𝑛

𝑙 (𝑅,𝐶,𝐴)
)
∧

∧
1≤𝑅≤𝑛

1≤𝐶1<𝐶2≤𝑛
1≤𝐴≤𝑛

(¬𝑙 (𝑅,𝐶1, 𝐴) ∨ ¬𝑙 (𝑅,𝐶2, 𝐴)) (one row each col, number)

∧
∧

1≤𝐶≤𝑛
1≤𝐴≤𝑛

( ∨
1≤𝑅≤𝑛

𝑙 (𝑅,𝐶,𝐴)
)
∧

∧
1≤𝐶≤𝑛

1≤𝑅1<𝑅2≤𝑛
1≤𝐴≤𝑛

(¬𝑙 (𝑅1,𝐶,𝐴) ∨ ¬𝑙 (𝑅2,𝐶,𝐴)) (one col each row, number)

Each line enforces one of the three permutation properties via two parts: an at-least-one disjunction
(“some 𝐴 must fill this cell”) and an at-most-one set of pairwise exclusions (“no two distinct values
in the same cell”). The greyed-out at-least parts in the second and third lines are redundant, already
implied by “each cell has exactly one symbol.” In FOL terms, at-least-one is ∀𝑅,𝐶. ∃𝐴. 𝑙 (𝑅,𝐶,𝐴),
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Fig. 1. A Latin square (left) and a Graeco–Latin square (right) of order 𝑛 = 3.

while at-most-one is ∀𝑅,𝐶,𝐴1, 𝐴2. ((𝑙 (𝑅,𝐶,𝐴1) ∧ 𝑙 (𝑅,𝐶,𝐴2)) → 𝐴1 = 𝐴2); the 𝐴1 < 𝐴2 idiom in
the CNF halves the clause count by breaking symmetry. Notice how the CNF encoding obscures
the original specification: what is naturally a handful of quantified FOL statements becomes a wall
of indexed clauses with no visible logical structure. One might wonder why not solve this with an
SMT solver; as we discuss below at page 10, SMT solvers struggle with the combinatorial explosion
inherent in finite-domain quantification, making them impractical for this class of problems.
In ASP, the difficulty is different. The “at-most-one” constraints map directly to integrity con-

straints, because “no two atoms hold simultaneously” is already a negated existential (¬∃). However,
the “at-least-one” part—“some 𝐴 must exist”—has a ∀∃ structure that cannot be rewritten as ¬∃.
The standard workaround is to introduce an auxiliary predicate that witnesses the existential. The
full ASP encoding is as follows (dom/1 defines the domain {1, . . . , 𝑛}):

dom(1). dom(2). dom(3). ... dom(n).

{ l(R, C, A) } :- dom(R), dom(C), dom(A).

latin_aux(R,C):- l(R,C,A).

:- dom(R), dom(C), not latin_aux(R,C).

:- dom(R), dom(C), l(R, C, A1), l(R, C, A2), A1 < A2.

:- dom(R), dom(A), l(R, C1, A), l(R, C2, A), C1 < C2.

:- dom(C), dom(A), l(R1, C, A), l(R2, C, A), R1 < R2.

With the stable model semantics, the predicate latin_aux(R, C) is derived when there exists some
𝐴 such that l(R, C, A) holds, then the following integrity constraint captures the at-least one
condition with the help of latin_aux. The example stable model corresponding to the Latin square
in Fig. 1 (left) contains following atoms (with .. omitting the enumeration for brevity):

dom(1..3), latin_aux(1..3,1..3), l(1,1,1), l(1,2,2), l(1,3,3),

l(2,1,2), l(2,2,3), l(2,3,1), l(3,1,3), l(3,2,1), l(3,3,2)

3.3 Defining a Latin Square in SetLah!

As we have just seen, both SAT and ASP force the programmer to manually decompose intuitive
mathematical properties into low-level encoding idioms. SetLah! eliminates this burden: the user
writes the constraints as FOL formulas, and the compiler handles the rest:
[dom(1). dom(2). dom(3). ... dom(n).] % block 1: domain

[

l(R, C, A) ?:- dom(R), dom(C), dom(A). % guess: which cells hold which numbers?

∀𝑅,𝐶.
(
∃𝐴. l(𝑅,𝐶,𝐴) ∧ % check: exactly one number per cell

∀𝐴1, 𝐴2 . (l(𝑅,𝐶,𝐴1) ∧ l(𝑅,𝐶,𝐴2) → 𝐴1 = 𝐴2)
)

∀𝑅,𝐴,𝐶1,𝐶2 . (l(𝑅,𝐶1, 𝐴) ∧ l(𝑅,𝐶2, 𝐴) → 𝐶1 =𝐶2) % check: one per row

∀𝐶,𝐴, 𝑅1, 𝑅2 . (l(𝑅1,𝐶,𝐴) ∧ l(𝑅2,𝐶,𝐴) → 𝑅1 = 𝑅2) % check: one per column

] % block 2: search + constraints
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The program consists of two blocks (delimited by square brackets). Block 1 defines the domain.1
Block 2 contains a choice rule (?:-) that guesses which l atoms to include, followed by three FOL
constraints whose purpose is to filter out invalid guesses. The constraints read exactly like their
mathematical specification: “every cell has exactly one number” (at-least-one and at-most-one
combined), “each number appears at most once per row”, and “each number appears at most once
per column”. Notice that, in contrast with the SAT and ASP encodings, in SetLah! no manual
decomposition or auxiliary predicates are needed. This directly addresses challenges (1) and (2)
from Sec. 1. For (1), the block structure makes the search visible: block 1 establishes the input
(domain facts), block 2 separates the guess (choice rule) from the check (FOL constraints), so one can
see at a glance what is assumed, searched, and verified—unlike ASP, where stable model semantics
interleaves all three. For (2), the constraints are written as unrestricted FOL formulas rather than
decomposed into the restricted ¬∃ form that ASP integrity constraints require.

Informal semantics. Each block operates on a set of candidate interpretations produced by the
previous block (detailed in Sec. 4.2.2). Block 1 contains only facts, so starting fromM0 = {∅}
its fixpoint yields a single interpretation M1 = {{𝑑𝑜𝑚(1), . . . , 𝑑𝑜𝑚(𝑛)}}. Block 2 takes M1 as
input: the choice rule (?:-) branches each interpretation by optionally adding l(R,C,A) for every
combination of 𝑅,𝐶,𝐴, producing all 2𝑛3 candidate subsets. The FOL constraints then filter this set,
keeping only the interpretations that satisfy every formula—these are the answer sets, including the
one corresponding to Fig. 1 (left). A useful analogy is monadic set comprehensions: choice rules act
as generators that enumerate candidates, FOL constraints act as guards that filter them, and blocks
compose sequentially like monadic bind—each block’s output feeds the next. Both deterministic
(:-) and non-deterministic rules are handled by the same fixpoint, generalising Datalog’s 𝑇𝑃 to sets
of interpretations—hence we call SetLah! a set-constraint language.
Compilation to ASP. The semantics above does not scale in practice, as it enumerates all 2 |A |

candidates. The key observation is that it is consistent with ASP’s stable model semantics when FOL
constraints are translated into equivalent integrity constraints, so the computation can be delegated
to well-optimised ASP systems [4, 37]! The SetLah! compiler performs this translation exactly,
block by block, in two phases (detailed in Sec. 5). First, conjunction splitting (Sec. 5.3) decomposes
each FOL constraint into smaller conjuncts to reduce grounding cost, e.g., the “one number per
cell” formula with 5 variables splits into two parts needing only 𝑛3 + 𝑛4 ground instances instead
of 𝑛5. Second, quantifier elimination (Sec. 5.4) converts each conjunct into the restricted ¬∃ form
required by ASP, introducing auxiliary predicates or aggregates to handle arbitrary FOL formulas
not directly expressible as integrity constraints. After these translations, the input SetLah! program
becomes an ASP program that can be solved by an off-the-shelf ASP solver.

3.4 From Latin to Graeco–Latin Squares

To obtain a Graeco–Latin square, we pair two Latin squares 𝑔 and 𝑙 of the same order and require
orthogonality: every pair (𝐴, 𝐵) must appear exactly once across the grid. In FOL, such constraints
can be expressed naturally as: ∀𝐴, 𝐵.∃𝑅,𝐶.(𝑙 (𝑅,𝐶,𝐴) ∧ 𝑔(𝑅,𝐶, 𝐵)).

Formodelling the property in CNF,we need auxiliary atoms 𝑝 (𝑅,𝐶,𝐴, 𝐵) for 𝑙 (𝑅,𝐶,𝐴)∧𝑔(𝑅,𝐶, 𝐵),2
leading to the following encoding where three sub-CNFs are used for the bi-implication.

1In the specification of the full SetLah! language (Sec. 4), domains are declared via typed signatures and regarded as the
input of SetLah! programs; here we use explicit unary dom/1 facts for simplicity.
2It is possible to project out the existential quantifications of R,C but the corresponding CNF becomes more complex.
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∧
1≤𝐴,𝐵≤𝑛

( ∨
1≤𝑅,𝐶≤𝑛

𝑝 (𝑅,𝐶,𝐴, 𝐵)
)
∧

∧
1≤𝑅,𝐶,𝐴,𝐵≤𝑛

((¬𝑙 (𝑅,𝐶,𝐴) ∨ ¬𝑔(𝑅,𝐶, 𝐵) ∨ 𝑝 (𝑅,𝐶,𝐴, 𝐵)))

∧
∧

1≤𝑅,𝐶,𝐴,𝐵≤𝑛
((¬𝑝 (𝑅,𝐶,𝐴, 𝐵) ∨ 𝑙 (𝑅,𝐶,𝐴))) ∧

∧
1≤𝑅,𝐶,𝐴,𝐵≤𝑛

((¬𝑝 (𝑅,𝐶,𝐴, 𝐵) ∨ 𝑔(𝑅,𝐶, 𝐵)))

In ASP, the inner existential can be handled in two ways, mirroring the auxiliary-predicate pattern:
% With auxiliary predicate as in SAT

product(A, B) :- g(R, C, A), l(R, C, B).

:- dom(A), dom(B), not product(A, B).

% Or alternatively with Aggregates

:- dom(A), dom(B), #count {R, C : g(R, C, A), l(R, C, B) } = 0.

In SetLah!, the block structure naturally decomposes the Graeco–Latin square into dependent
subproblems: one block defines the first Latin square l, and a subsequent block defines the second
square g while imposing orthogonality.
[dom(1). ... dom(n).] % block 1: domain

[l(R,C,A) ?:- dom(R), dom(C), dom(A). ...] % block 2: first square

[g(R,C,B) ?:- dom(R), dom(C), dom(B). ... % block 3: second square

∀𝐴, 𝐵. ∃𝑅,𝐶. (l(𝑅,𝐶,𝐴) ∧ g(𝑅,𝐶, 𝐵))] % + orthogonality

The FOL constraint in block 3 directly references predicate l from block 2, expressing the cross-
square dependency declaratively. The SetLah! compiler translates this into either of the ASP
encodings shown above: aggregates by default, since they are model-preserving (the auxiliary-
predicate encoding introduces new atoms; cf. Sec. 5.4). Alternatively, the user may add a separate
block 4 defining product(A,B) explicitly, if that reads more naturally.
This flexibility in block-based task decomposition directly addresses challenge (3) from Sec. 1:

the user decides the subproblem structure based on the problem’s natural dependencies, while
the compiler handles the low-level ASP encoding—enabling the kind of modular decomposition
that monolithic ASP programs lack. More broadly, the ease of modelling in SetLah! stems from a
one-to-one correspondence between the constraints in the user’s mind and the FOL formulas in
the program; in SAT and ASP, bridging that gap is left as manual work for the programmer.

Why not SMT? One might argue that all these constraints can be expressed directly in FOL and
solved using modern Satisfiability Modulo Theories (SMT) solvers, such as Z3 [24], cvc5 [7], which
support unrestricted quantifiers over theories like integer arithmetic. It is, however, well-known
that SMT rarely scales well for combinatorial problems with non-trivial quantifier structure, due to
lazy quantifier instantiation [36, 78] (cf. Sec. 7). Specifically, on the Graeco-Latin square problem,
SMT solvers struggle with 𝑛 ≥ 6 (unless the user manually grounds the atoms), while SAT and ASP
solvers handle 𝑛 up to 10 in reasonable time with the same encoding (cf. Sec. 6.2).

4 Language Design of SetLah!

We present the syntax and the formal semantics of SetLah! in two stages. We first introduce Positive
Choice Logic Programming (PCLP), a small kernel language that takes choice as a primitive—in
contrast to ASP, which derives non-determinism from negation-as-failure. A program in PCLP takes
a single answer set as its input and produces a set of answer sets via a least fixpoint computation.
We then define SetLah! as stratified PCLP : a program is a sequence of PCLP blocks whose answer
sets are chained together block by block.
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PCLP (kernel language)

𝑡 ::= 𝑋 | 𝑐 | 𝑓 (𝑡1, . . . , 𝑡𝑘 ) term
𝑎 ::= 𝑝 (𝑡1, . . . , 𝑡𝑘 ) atom
𝐿 ::= 𝑎 | 𝑡1 op 𝑡2 body literal
𝜑 ::= 𝑎 | ⊤ | ⊥ | ¬𝜑 FOL formula
| 𝜑1 ∧ 𝜑2 | 𝜑1 ∨ 𝜑2

| 𝜑1 → 𝜑2

| ∀𝑋 . 𝜑 | ∃𝑋 . 𝜑

| 𝑡1 op 𝑡2 comparison
𝑟𝑑 ::= 𝐻 ← 𝐿1, . . . , 𝐿𝑚 definite rule
𝑟𝑐 ::= {𝐻 } ← 𝐿1, . . . , 𝐿𝑚 choice rule
𝑃 ::= (R, C, Φ) program

where op ∈ {=,≠, <,≤, >,≥}.

SetLah! (stratified PCLP)

𝑑 ::= ExtDOM 𝐷 : 𝜏 external domain
| DefDOM 𝐷 : 𝜏 domain definition

−{𝑐1, . . . , 𝑐𝑘 }
| ExtPred 𝑝 : 𝜏1 × · · · × 𝜏𝑘 external predicate
| Const 𝑐 : 𝜏 constant

𝐵 ::= (Σ, 𝑃) block
Π ::= (D, ⟨𝐵1, . . . , 𝐵𝑛⟩) program

Fig. 2. Grammar of PCLP and SetLah!.

4.1 PCLP: The Kernel Language

4.1.1 Syntax. Fig. 2 gives the grammar of PCLP and SetLah!. Variables are in upper case (𝑋,𝑌, . . . )
and constants in lower case (𝑎, 𝑏, . . . ); predicate symbols are lower case (𝑝, 𝑞, . . . ). A PCLP program
is a triple 𝑃 = (R, C,Φ), where definite rules R are Horn clauses that deterministically derive
atoms, choice rules C are called choice Horn clauses—clauses whose head is optional—that introduce
non-deterministic branching, and constraints Φ are closed FOL sentences (no free variables) that
filter the search space. Thus, PCLP lifts SAT’s propositional guess-and-check pattern to finite
first-order structures: the guessed objects are ground atoms, deterministic rules derive all positive
consequences of those guesses, and FOL constraints perform the check. The implication 𝜑1 → 𝜑2 is
syntactic sugar for ¬𝜑1∨𝜑2. All rule bodies are positive (contain no negations besides comparisons);
this restriction ensures monotonicity of the rule operators defined below, which in turn guarantees
a well-defined fixpoint. We write← in formal definitions and :- (resp. ?:-) in the concrete syntax
for definite (resp. choice) rules.

4.1.2 Semantics. We define the semantics of 𝑃 relative to a single input answer set 𝐼 (a set of ground
atoms). Let A be the Herbrand base of 𝑃 , i.e., the set of all ground atoms constructible from the
predicates and constants in 𝑃 and 𝐼 . We write 𝜎 for a substitution of variables to ground terms; for
a rule body 𝐿 = 𝐿1, . . . , 𝐿𝑚 , write 𝜎 (𝐿) for {𝜎 (𝐿1), . . . , 𝜎 (𝐿𝑚)}.

Rule operator. For a rule 𝑟 ∈ R ∪ C, the rule operator 𝑇𝑟 acts differently on the candidate set
depending on whether 𝑟 is definite or a choice:

𝑇𝑟 (S) =

{
𝐽 ∪ {𝜎 (𝐻 ) | 𝜎 (𝐿) ⊆ 𝐽 }

�� 𝐽 ∈ S
}

𝑟 = (𝐻 ← 𝐿) ∈ R

S ∪
{
𝐽 ∪ {𝜎 (𝐻 )}

�� 𝐽 ∈ S, 𝜎 (𝐿) ⊆ 𝐽
}

𝑟 = ({𝐻 } ← 𝐿) ∈ C

The two cases capture the semantic distinction: a definite rule updates each candidate 𝐽 in place by
adding all applicable consequences (mandatory derivation), while a choice rule grows the candidate
set by adding optional branches 𝐽 ∪ {𝜎 (𝐻 )} alongside the existing 𝐽 . Built-in comparisons in 𝐿 are
evaluated directly over the substitution 𝜎 rather than checked against 𝐽 ; since their truth value
depends only on 𝜎 , they do not affect monotonicity of 𝑇𝑟 .
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Candidate set. Starting from {𝐼 }, we apply rule operators one at a time in any order. The candidate
set of 𝑃 from 𝐼 is the fixpoint reached when no operator changes the set:

S∗ (𝑃, 𝐼 ) = lfp
(
{𝑇𝑟 }𝑟 ∈R∪C, {𝐼 }

)
.

Since every 𝑇𝑟 for 𝑟 ∈ R maps each 𝐽 to a superset of 𝐽 (adding atoms), and 𝑇𝑟 for 𝑟 ∈ C only adds
elements, the set stabilises. Every element of S∗ (𝑃, 𝐼 ) is R-closed, i.e., closed under all definite rules
in R: any 𝐽 with an unfired definite rule is updated by 𝑇𝑟 before the fixpoint is reached.

Confluence and convergence. The fixpoint is independent of the order in which rules are applied,
so the semantics is deterministic and implementations may evaluate rules in any order. Formally,
this follows from a diamond property: for any 𝑟1, 𝑟2 ∈ R ∪ C,

𝑇𝑟1 (S) ⊆ 𝑇𝑟2 (𝑇𝑟1 (S)) and 𝑇𝑟2 (S) ⊆ 𝑇𝑟1 (𝑇𝑟2 (S))
The inclusions hold because both cases of𝑇𝑟 only add atoms—they never remove them—so applying
𝑟2 after 𝑟1 preserves every interpretation reachable via 𝑟1, and may only enable further firings.
Hence all orderings converge to the same S∗ (𝑃, 𝐼 ). When A is finite, convergence in finitely many
steps is guaranteed; SetLah! enforces finiteness via domain declarations (Sec. 4.2).

Answer sets of 𝑃 . Since every 𝑀 ∈ S∗ (𝑃, 𝐼 ) is already R-closed, the answer sets of 𝑃 from 𝐼 are
those candidates whose atoms satisfy every FOL constraint—that is, the constraints in Φ act as
filters over the search space generated by R and C:

M(𝑃, 𝐼 ) =
{
𝑀 ∈ S∗ (𝑃, 𝐼 )

�� ∀𝜑 ∈ Φ, 𝑀 |= 𝜑
}
.

For a set of input answer sets I, defineM(𝑃,I) = ⋃
𝐼 ∈IM(𝑃, 𝐼 ).

When C = ∅, the fixpoint S∗ (𝑃, 𝐼 ) is the singleton containing the unique minimal R-closure of 𝐼 ,
recovering Datalog semantics seeded from 𝐼 . Conversely, PCLP captures NP: each ground choice
rule {𝑎} ← corresponds to a Boolean variable (include 𝑎 or not), and FOL constraints subsume CNF
clauses in SAT.

Example 4.1. Consider 𝑃 with the following components and input:

R = {𝑏 (𝑋 ) ← 𝑎(𝑋 )}, C = {{𝑎(𝑋 )} ← 𝑑 (𝑋 )}, Φ = ∅, 𝐼 = {𝑑 (1), 𝑑 (2)}.
Applying𝑇𝑟 for each rule from {𝐼 }: (A)𝑇𝑟 for 𝑟R = 𝑏 (𝑋 ) ← 𝑎(𝑋 ): no 𝑎(·) in 𝐼 , so 𝐼 maps to itself; (B)𝑇𝑟
for 𝑟C = {𝑎(𝑋 )} ← 𝑑 (𝑋 ): adds 𝐼 ∪ {𝑎(1)} and 𝐼 ∪ {𝑎(2)} as new branches; (C) 𝑇𝑟 for 𝑟R on the new

branches: 𝐼 ∪ {𝑎(1)} becomes 𝐼 ∪ {𝑎(1), 𝑏 (1)}; similarly 𝐼 ∪ {𝑎(2)} becomes 𝐼 ∪ {𝑎(2), 𝑏 (2)}; (D)𝑇𝑟 for
𝑟C on updated branches: adds 𝐼 ∪ {𝑎(1), 𝑎(2)}; then 𝑇𝑟 for 𝑟R extends it to 𝐼 ∪ {𝑎(1), 𝑎(2), 𝑏 (1), 𝑏 (2)}.
The fixpoint is S∗ (𝑃, 𝐼 ) =

{
𝐼 , 𝐼 ∪ {𝑎(1), 𝑏 (1)}, 𝐼 ∪ {𝑎(2), 𝑏 (2)}, 𝐼 ∪ {𝑎(1), 𝑎(2), 𝑏 (1), 𝑏 (2)}

}
, and

all four candidates are R-closed. Since Φ = ∅, every candidate passes the filter:M(𝑃, 𝐼 ) = S∗ (𝑃, 𝐼 ).

In summary, PCLP provides the core mechanism—deterministic derivation, non-deterministic
branching, and FOL filtering—but leaves open how to bound the search space and decompose
multi-stage problems. SetLah! addresses both, as we will discuss next.

4.2 SetLah! as Stratified PCLP

SetLah! extends PCLP with two features that make it a practical language: (i) declarations that
specify domains, external input predicates, and constants, bounding the Herbrand base finitely so
that the fixpoint always terminates, and (ii) stratification into an ordered sequence of blocks, so that
a multi-stage problem can be decomposed into dependent sub-problems solved one after another.

4.2.1 Syntax. A SetLah! program Π = (D, ⟨𝐵1, . . . , 𝐵𝑛⟩) consists of domain declarations D fol-
lowed by a sequence of blocks (Fig. 2, right).
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Declarations. Each declaration in D introduces a named domain, predicate, or constant with an
associated type 𝜏 (such as INT or a product type):
• ExtDOM 𝐷 : 𝜏 . declares an external domain whose constants are supplied as input (e.g., node
identifiers of a graph).
• DefDOM 𝐷 : 𝜏 − { 𝑐1, . . . , 𝑐𝑘 }. declares an internal domain with explicitly listed constants 𝑐1, . . . , 𝑐𝑘
(e.g., Set : 1..9 for Sudoku digits).
• ExtPred 𝑝 : 𝜏1 × · · · × 𝜏𝑘 . declares an external predicate whose extension is supplied as input (e.g.,
an adjacency relation edge : Node × Node).
• Const 𝑐 : 𝜏 . declares a named constant of type 𝜏 (e.g., a parameter such as the square size 𝑛).
Every variable is typed by a declared domain, and each domain contains finitely many constants,
so the set of possible ground atoms is finite. This bounds the Herbrand base AD and guarantees
that the fixpoint computation always terminates. Each predicate is tied to a fixed tuple of domains
which is inferred from rule bodies (if not external), enabling static type checking.

Blocks. Each block 𝐵𝑖 = (Σ𝑖 , 𝑃𝑖 ) pairs a set of output predicates Σ𝑖 with a PCLP program 𝑃𝑖 =

(R𝑖 , C𝑖 ,Φ𝑖 ), where Φ𝑖 contains arbitrary FOL sentences over the predicates visible to 𝐵𝑖 .

Stratification of a SetLah! program. Π is well-formed if for every block 𝐵𝑖 :
• every predicate in the body of a definite rule in R𝑖 belongs to Σ1 ∪ · · · ∪ Σ𝑖−1 or to Σ𝑖 , so definite
rules may refer to their own block’s predicates, enabling recursive definitions;
• every predicate in the body of a choice rule in C𝑖 belongs strictly to Σ1 ∪ · · · ∪ Σ𝑖−1 (no self-
referential guessing—a choice can only branch over facts already established, preventing circular
dependencies in the search space);
• every predicate in a constraint in Φ𝑖 belongs to Σ1 ∪ · · · ∪ Σ𝑖 .
The second condition is one key design choice of SetLah!, which enables the decomposition of
a multi-stage problem into a sequence of dependent sub-problems. Considering that we want to
express: a person can be a faculty or a student, and a student can be a graduate or an undergraduate,
we can write the following SetLah! program:
[ faculty(P) ?:- dom_person(P).

student(P) ?:- dom_person(P).

∀𝑃 . ¬(𝑓 𝑎𝑐𝑢𝑙𝑡𝑦 (𝑃) ∧ 𝑠𝑡𝑢𝑑𝑒𝑛𝑡 (𝑃)).]
[ graduate(S) ?:- student(S).

undergraduate(S) ?:- student(S).

∀𝑆. ¬(𝑔𝑟𝑎𝑑𝑢𝑎𝑡𝑒 (𝑆) ∧ 𝑢𝑛𝑑𝑒𝑟𝑔𝑟𝑎𝑑𝑢𝑎𝑡𝑒 (𝑆)).]
Unlike the example in Sec. 3.4 where the blocks of two squares are independent, the second block
here branches over student/1 atoms produced by the first block. Such dependency is common in
combinatorial problems, e.g., the program above is partially from the benchmark in Tab. 4.

4.2.2 Semantics. The semantics of Π processes blocks left to right, feeding each block’s output
into the next. Let 𝐼0 denote the set of ground facts supplied by external predicates (ExtPred) and
constants (Const), and letM0 = {𝐼0}. Each successive block 𝐵𝑖 = (Σ𝑖 , 𝑃𝑖 ) takes the answer sets
produced so far and computes:

M𝑖 =M(𝑃𝑖 , M𝑖−1) =
⋃

𝐼 ∈M𝑖−1

M(𝑃𝑖 , 𝐼 ),

using the Herbrand base AD (finite by domain declarations). The answer sets of Π are the result
after all 𝑛 blocks:M(Π) =M𝑛 . In other words, each block generates and filters its own candidates,
then passes the survivors as input to the next block.
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Algorithm 1 TranslateConstraints(Φ𝑖 ): Translate FOL constraints of block 𝐵𝑖

Input: FOL constraints Φ𝑖 from block 𝐵𝑖
Output: Auxiliary rules Raux and integrity constraints IC
1: IC ← ∅; Raux ← ∅
2: for each 𝜑 ∈ Φ𝑖 do

3: splits← Split(𝜑) ⊲ Phase 1: conjunction splitting
4: for each 𝜑 ′ ∈ splits do
5: 𝐸 ← Normalize(𝜑 ′) ⊲ Set of logically equivalent formulas
6: if ∃𝜓 ∈ 𝐸 in IC form then

7: IC ← IC ∪ {ToIC(𝜓 )} ⊲ Phase 2: direct conversion
8: else

9: (𝜓, 𝑅) ← EliminateQuantifiers(𝐸) ⊲ Phase 2: QE with auxiliary
10: Raux ← Raux ∪ 𝑅
11: IC ← IC ∪ {ToIC(𝜓 )}
12: return (Raux, IC)

Relationship to ASP. Three structural differences between SetLah! and ASP are worth noting:
(1) PCLP takes choice as a primitive instead of deriving non-determinism from negation-as-failure,
but the two mechanisms have the same expressiveness [33, 72, 88]; (2) PCLP’s FOL constraints
Φ admit arbitrary quantifiers and connectives, whereas ASP’s integrity constraints are restricted
to denials (:- 𝐿1, . . . , 𝐿𝑚), but both equivalently filter on the answer sets; and (3) SetLah!’s block
structure is less monolithic thanASP’s flat rule set, while the chaining semanticsM𝑖 =M(𝑃𝑖 ,M𝑖−1)
remains consistent with stable model semantics. The latter two points are given by the translation
from SetLah! to ASP, which we will discuss next.

5 Translating SetLah! Programs to ASP

One of the main technical contributions of this work is a compiler that translates SetLah! programs
into efficient ASP encodings, automatically bridging the gap between arbitrary FOL constraints and
the restricted integrity-constraint form that ASP solvers require. Without this translation, users
would have to decompose every constraint by hand—precisely the modelling burden that SetLah!
is designed to eliminate. We describe how the compiler translates a SetLah! program Π into an
equivalent Clingo ASP program. The translation operates block by block on each 𝑃𝑖 = (R𝑖 , C𝑖 ,Φ𝑖 ).
For space reasons, all proofs in this section are deferred to the supplementary material.

5.1 Translating a Block

Rules. The definite and choice rules translate directly into Clingo syntax: 𝐻 ← 𝐿 becomes H
:- L1, . . . , L𝑚. and {𝐻 } ← 𝐿 becomes {H} :- L1, . . . , L𝑚.. Since all bodies are positive
and the Herbrand base AD is finite, no further transformation is needed.

FOL constraints. Each 𝜑 ∈ Φ𝑖 must be translated into a set of ASP integrity constraints (ICs),
possibly introducing auxiliary predicates. An IC has the form:

:- ℓ1, . . . , ℓ𝑚 .

where each ℓ𝑗 is an ASP body element: an atom, the default negation of an atom (not 𝑎), a built-in
comparison, or an aggregate expression—strictly more general than the body literals 𝐿 in PCLP
(Sec. 4.1), which are restricted to atoms and comparisons. Semantically, the IC forbids any answer
set from satisfying ℓ1 ∧ · · · ∧ ℓ𝑚 . When the constraint contains variables 𝑋 , grounding replaces
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Table 1. Equivalence rewriting rules. One-way rules (→) strictly reduce formula size; bidirectional rules (↔)
rearrange structure. Meta-variables 𝜑,𝜓, 𝜒 range over arbitrary formulas.

Scope Category Rule (dual means swapping ∨ and ∧) Effect on formula

Pr
op

os
iti
on

al

Identity 𝜑 ∧ ⊤ → 𝜑 , 𝜑 ∨ ⊥ → 𝜑 Reduces size
Annihilation 𝜑 ∧ ⊥ → ⊥, 𝜑 ∨ ⊤ → ⊤ Reduces size
Idempotence 𝜑 ∧ 𝜑 → 𝜑 , dual Reduces size
Double negation ¬¬𝜑 → 𝜑 Reduces size

Commutativity 𝜑 ∧𝜓 ↔ 𝜓 ∧ 𝜑 , 𝜑 ∨𝜓 ↔ 𝜓 ∨ 𝜑 Reorders operands
Associativity 𝜑 ∧ (𝜓 ∧ 𝜒) ↔ (𝜑 ∧𝜓 ) ∧ 𝜒 , dual Regroups operands
De Morgan ¬(𝜑 ∧𝜓 ) ↔ ¬𝜑 ∨ ¬𝜓 , dual Redistributes ¬
Distribution 𝜑 ∧ (𝜓 ∨ 𝜒) ↔ (𝜑 ∧𝜓 ) ∨ (𝜑 ∧ 𝜒), dual Duplicates/factors

Fi
rs
t-
or
de
r

Quantifier negation ¬∀𝑥 𝜑 ↔ ∃𝑥 ¬𝜑 Moves ¬
Quantifier commutation 𝑄 𝑥.𝑄 𝑦. 𝜑 ↔ 𝑄 𝑦.𝑄 𝑥. 𝜑 (𝑄 ∈ {∀, ∃}) Reorders quantifiers

Quantifier distribution
(∀𝑥 𝜑) ∧ (∀𝑥 𝜓 ) ↔ ∀𝑥 (𝜑 ∧𝜓 )

Scopes/pulls quantifier
(∃𝑥 𝜑) ∨ (∃𝑥 𝜓 ) ↔ ∃𝑥 (𝜑 ∨𝜓 )

Prenex conversion
(∀𝑥 𝜑) ∨𝜓 ↔ ∀𝑥 (𝜑 ∨𝜓 ) (𝑥 ∉ FV(𝜓 ))

Scopes/pulls quantifier
(∃𝑥 𝜑) ∧𝜓 ↔ ∃𝑥 (𝜑 ∧𝜓 ) (𝑥 ∉ FV(𝜓 ))

them with all possible constant tuples (cf. Sec. 2), so the IC corresponds to the negated existential:

¬∃𝑋 . (ℓ1 ∧ · · · ∧ ℓ𝑚)

We call this the IC form: a negated existential over a conjunction of ASP body elements. The goal
is to convert each 𝜑 ∈ Φ𝑖 into a set of ICs equivalent over the finite Herbrand base AD . Since
arbitrary FOL sentences are not directly in IC form—for instance, a formula like ∀𝑋 . ∃𝑌 . 𝑝 (𝑋,𝑌 )
contains a quantifier alternation that has no direct IC encoding—the compiler performs a series of
equivalence-preserving rewrites to bridge this gap (Sec. 5.2). Also noticed that an ASP grounder
instantiates programs over the Cartesian product of its variables’ domains, a high-level goal of the
translation is to reduce the number of variables in each emitted IC.
The translation proceeds in two phases. Phase 1 (conjunction splitting, Sec. 5.3) decomposes

each 𝜑 ∈ Φ𝑖 into independent conjuncts, reducing grounding cost. Phase 2 (conversion to IC form,
Sec. 5.4) rewrites each conjunct into one or more ICs by applying standard equivalences and, when
necessary, quantifier elimination (QE) via auxiliary predicates or aggregates. Together with the
directly translated rules from R𝑖 and C𝑖 , the output forms a complete ASP encoding of the block 𝑃𝑖 .
Algorithm 1 summarises the procedure.

5.2 Equivalence Rewriting Rules

Both phases rely on a fixed set of equivalence rewriting rules (Tab. 1) applied to FOL formulas and
their subformulas. Each rule is either one-way (→), strictly reducing formula size and applicable
at most size(𝜑0) times, or bidirectional (↔), rearranging structure without changing size. A key
invariant is immediate from inspection of the rules:

Observation 5.1 (Atom and variable invariance). No rule in Tab. 1 introduces fresh atoms or

variables. For every formula𝜓 reachable from 𝜑0, Atoms(𝜓 ) ⊆ Atoms(𝜑0) and Vars(𝜓 ) ⊆ Vars(𝜑0).

This invariant is the key for proving that the rewriting system explores only finitely many formulas:
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Theorem 5.2 (Finiteness of the reachable set). For every formula 𝜑0 of finite size, the set of

formulas reachable from 𝜑0 by applying rules from Tab. 1 is finite.

By Observation 5.1, every reachable formula is built from the same atoms and variables as 𝜑0. Since
each remaining source of variation is bounded—(1) one-way rules strictly decrease formula size,
(2) De Morgan and double negation yield at most 2size (𝜑0 ) negation placements, (3) distribution
cannot exceed the DNF/CNF size ceiling, and (4) quantifier rules permute finitely many quantifiers
over finitely many positions—the total number of reachable formulas is finite.

5.3 Phase 1: Conjunction Splitting

Given 𝜑 ∈ Φ𝑖 , the splitting phase finds a logically equivalent 𝜑 ′ such that 𝜑 ′ =
∧

𝑗 𝜓 𝑗 , and then
processes each conjunct independently. Splitting under universal quantifiers—∀𝑋 . (𝜓1 ∧ 𝜓2) ≡
(∀𝑋 .𝜓1) ∧ (∀𝑋 .𝜓2)—and through implications—𝜑1 → (𝜓1 ∧𝜓2) ≡ (𝜑1 → 𝜓1) ∧ (𝜑1 → 𝜓2)—are
obtained directly from the reachable set (Theorem 5.2). In principle, if splitting is not confluent
(i.e., if two irreducible forms are not bijectively equivalent), the compiler can explore all possible
splits and choose the one that minimises grounding cost. In practice, the splitting is always confluent
in our case studies. The general confluence of the rewriting system remains an open research
question [21], and we leave a formal proof of this to future work.

By Observation 5.1, every conjunct𝜓 𝑗 satisfies Vars(𝜓 𝑗 ) ⊆ Vars(𝜑), so splitting never increases
grounding cost per conjunct. In practice, splitting can reduce grounding cost substantially (as in
the Graeco-Latin squares of Sec. 3.1) and can also simplify the subsequent conversion to IC form.

5.4 Phase 2: Conversion to IC Form

While Phase 1 rewrites within pure FOL, Phase 2 targets ASP: the rewriting rules are extended with
ASP-specific constructs—predicates, negations and aggregate expressions—to convert each conjunct
into IC form. As Algorithm 1 shows, each irreducible formula 𝜑 ′ from Phase 1 is normalised again
by applying standard equivalences to obtain a finite set 𝐸 of logically equivalent formulas. If any
𝜓 ∈ 𝐸 is already in IC form (¬∃𝑋 . (ℓ1 ∧ · · · ∧ ℓ𝑚)), it is emitted directly as an ASP constraint.

Otherwise, the formula contains a quantifier alternation that cannot be resolved by propositional
rewriting alone, and the classic quantifier elimination (QE) is needed (to be further discussed
in Sec. 7). We provide two QE strategies.

Auxiliary-based QE. The general QE strategy is essentially Skolemisation: given ∀𝑋 . ∃𝑌 .𝜓 (𝑋,𝑌 ),
the compiler introduces a fresh auxiliary predicate aux𝑘 (𝑋 ) (with a fresh 𝑘) and rewrites the body
𝜓 to DNF,

∨
𝑖 (𝐿𝑖,1∧· · ·∧𝐿𝑖,𝑛𝑖 ), where each 𝐿𝑖, 𝑗 is a FOL literal. Each disjunct (called a cube) becomes

a separate defining rule:

aux𝑘 (𝑋 ) :- 𝐿𝑖,1, . . . , 𝐿𝑖,𝑛𝑖 . (one rule per cube)

The existential variables 𝑌 are absorbed into the rule bodies, and the original formula reduces to
∀𝑋 . aux𝑘 (𝑋 ), encoded as the IC:

:- not aux_k(X1, . . . , X𝑗), dom_T1(X1), . . .

The domain atoms dom_T𝑖 are ASP-specific to restrict each variable 𝑋𝑖 to its declared type 𝑇𝑖 ,
inferred from the declarations (Sec. 4.2.1). The auxiliary rules’ bodies may themselves contain the
auxiliary predicate in cases of nested quantifier alternations, so the conversion recurses through
the same pipeline (EliminateQuantifiers in Algorithm 1).

Note that auxiliary predicates extend the program’s vocabulary: the resulting ASP program is a
conservative extension (a.k.a. quasi-equivalence [57]), so its answer sets, projected onto the original
signature Σ, coincide with those of the source SetLah! program—but the full answer sets (over Σ
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plus auxiliaries) contain extra atoms not present in the SetLah! answer sets. This is harmless for
correctness, yet it can complicate debugging since the solver’s output includes auxiliary predicates
the user did not write. When only a single layer of quantifier elimination is needed, an alternative
strategy avoids auxiliary predicates entirely by using ASP aggregates, as described next.

Aggregate-based QE. When a single existential quantifier block remains (no further alternation
underneath), the compiler can instead eliminate it using an ASP aggregate, preserving the answer
sets exactly. As above, the body under the quantifier is rewritten to DNF,

∨
𝑖 (𝐿𝑖,1 ∧ · · · ∧ 𝐿𝑖,𝑛𝑖 ). This

DNF maps elegantly into ASP: each disjunctive cube becomes a condition joined by ; inside the
aggregate. For example, ∀𝑋 . ∃𝑌 . (𝐿1 ∧ 𝐿2) ∨ 𝐿3 becomes:

:- #count{𝑌: 𝐿1,𝐿2 ;𝑌: 𝐿3} = 0, dom_T1(X1), . . .

No new predicates are introduced, so the generated ASP program has exactly the same stable
models over the original vocabulary. Since aggregate bodies cannot contain nested aggregates, this
strategy cannot be applied recursively for deeper quantifier alternations.

Strategy. By default, the compiler prefers aggregate-based QE to minimise auxiliary predicates,
keeping the generated program as close to the input specification as possible (not cluttered by
fresh predicates). However, aggregates can make the grounder enumerate a large condition space
(cf., [43]). When grounding dominates runtime, SetLah! can instead prefer auxiliary-based QE: the
existential search is materialised as ordinary rules, enabling the ASP grounder to share intermediate
predicates and apply its usual rule-level optimisations. This is the grounding-scalability option
used in the Alloy benchmarks (Sec. 6.2).

Regardless of which strategy is chosen, the translation is correct and terminates:

Theorem 5.3 (Correctness and Termination of IC conversion). For every closed FOL formula

𝜑 over a finite Herbrand base AD , the translation procedure terminates and produces a finite set of

ICs and auxiliary rules that is equivalent to 𝜑 over AD .

5.5 Correctness

We show that the compiled ASP program admits exactly the same solutions as the source SetLah!
program: every SetLah! answer set appears as a stable model of the ASP output (after projecting
away auxiliaries), and vice versa. The argument proceeds in two levels: first at the PCLP block level,
then lifted to the stratified SetLah! level. Let Σ denote the original signature (predicates declared
in Π), and let Σ̂ ⊇ Σ be the extended signature that includes auxiliary predicates introduced by QE.
For an interpretation𝑀 over Σ̂, write𝑀 ↾Σ for its projection onto Σ.

Theorem 5.4 (Block-level preservation). Let 𝑃𝑖 = (R𝑖 , C𝑖 ,Φ𝑖 ) be a PCLP block, 𝐼 an input

answer set over Σ, and 𝑃𝑖 the ASP program produced by the translation. Then:

(1) When Φ𝑖 = ∅, AS(𝑃𝑖 ∪ 𝐼 ) = S∗ (𝑃𝑖 , 𝐼 ).
(2) When Φ𝑖 ≠ ∅,

{
𝑀 ↾Σ

�� 𝑀 ∈ AS(𝑃𝑖 ∪ 𝐼 )
}
=M(𝑃𝑖 , 𝐼 ).

Theorem 5.5 (SetLah! program correctness). Let Π = 𝐵1, . . . , 𝐵𝑛 be a well-formed SetLah!

program, and let Π̂ be the ASP program produced by translating each block 𝐵𝑖 . Then

M(Π) =
{
𝑀 ↾Σ

�� 𝑀 ∈ AS(Π̂)
}
.

Implementation. The translation of Phases 1 and 2 is implemented using Egglog [92], an equality
saturation engine that explores equivalent formula representations over PCLP blocks. The extraction
cost first favours formulas whose top-level conjunctions have been split, because this reduces the
maximum number of variables per emitted IC. It then applies the QE preference described above:
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aggregate-based QE is cheaper by default, while the grounding-scalability option assigns lower
cost to auxiliary-based QE. After translation, the resulting blocks are rewritten into ASP syntax
and merged into a single Clingo program.

5.6 Extending SetLah! with Set Operations

Beyond FOL constraints, SetLah! supports a small collection of set-level operations. These opera-
tions do not extend the core PCLP semantics: they are surface constructs that are desugared into
ordinary FOL formulas or ASP aggregates before the translation pipeline of the previous subsections
runs. Their purpose is pragmatic: they let users write common modelling idioms such as subset,
partition, and cardinality constraints directly, while still compiling to the same FOL-to-ASP pipeline
and to standard Clingo aggregate syntax when appropriate.
The idea is straightforward: the extension of a predicate can be named as a set of tuples, and

operations such as subset or cardinality checks can be applied to that set. The compiler then expands
each set atom locally. For example, subset becomes an implication under universal quantification,
while cardinality and partition constraints become ASP aggregate constraints. Thus, set operations
are best understood as notation for common finite-domain constraints, not as an additional semantic
foundation for SetLah!. They complement the core FOL constraints when the natural specification
is set-level—for instance, when a model needs cardinality over a parameterised relation. Details are
provided in the supplementary material.
6 Evaluation

In this section, we evaluate SetLah! on combinatorial search problems spanning constraint satis-
faction, model checking, and quantum circuit synthesis. Our experiments are designed to answer
the following research questions:
• RQ1 (Expressivity & usability): Can SetLah! effectively model common combinatorial tasks with
high-level abstractions? Are the translation techniques—splitting and quantifier elimination—
necessary for different problems?
• RQ2 (Performance): Given the remarkable advances in SAT solving over decades [12, 34], how does
the SetLah! +Clingo workflow perform on different tasks, compared to SAT-based approaches?
• RQ3 (Practical utility): Can SetLah! help to solve real-world combinatorial problems, where
advanced techniques like incremental solving in SAT are usually required?

For conducting the experiments with potentially time-consuming and multi-threaded tasks, we
use an Ubuntu server with AMD EPYC 7763. The results other than massively parallel runs are
also replicable with commodity PCs. For ASP solving, we used Clingo 5.8.0 which is the standard
choice for ASP solving with multi-threading support. While for SAT solving, since numerous SAT
solvers are available, we picked several state-of-the-art solvers from either MiniSat ([31], as the
most influential on later systems) family or CaDiCaL ([11], as the recently performance-leading
one) family. The specific solver choices are described in the corresponding sections.

6.1 RQ1: Modelling Common Combinatorial Tasks

To assess the expressivity of SetLah!, we implemented a suite of standard combinatorial problems
from the Maple benchmark [17]. Maple is a computer algebra system based on MapleSAT [60];
in [17], problems such as N-queens and Sudoku are demonstrated as examples of its modelling
capabilities. We use the same case studies to showcase SetLah!’s expressivity, investigating two
questions: (1) which translation techniques—splitting and quantifier elimination (Sec. 5)—are needed
for each problem, and (2) where set-level surface constructs make the model closer to the problem
statement than pure FOL alone. Tab. 2 summarises the results. Each problem is modelled with one
constraint per logical check, reflecting how the problem is naturally stated, rather than conjoining
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Table 2. Comparison of SetLah! models written with FOL only and with FOL plus set operations. The “Split”
and “QE” columns indicate whether FOL splitting and quantifier elimination are used during translation.

Problem #Block #FO Split QE #(FO+Set) Split QE

15-puzzle 1 8 ! ! 8 % !

Einstein riddle 5 25 ! ! 25 % !

Graeco-Latin Square 3 10 ! ! 10 ! %

N-Queens 1 3 ! ! 3 ! %

N-clique 1 NA 2 % %

Sudoku 1 5 ! ! 4 ! %

all constraints into a single formula. Problems that decompose into sub-problems (e.g., Einstein
riddle with 5 blocks, Graeco-Latin Square with 3) directly benefit from SetLah!’s block structure.

As the table shows, set operations are primarily a modelling convenience rather than a separate
solving technique. They generally do not reduce the number of constraints; instead, they replace
quantified or relational boilerplate with direct set-level notation. For problems like Graeco-Latin
Square, N-Queens, and Sudoku, cardinality constraints avoid spelling uniqueness through quanti-
fied FOL formulas, eliminating the need for quantifier elimination while still requiring splitting.
Conversely, for 15-puzzle and Einstein riddle, set operations express relational bookkeeping more
compactly, removing the need for splitting while quantifier elimination remains necessary. The
performance contribution evaluated below is still the FOL-to-ASP pipeline—especially splitting and
QE—whereas set operations explain why the source models can stay concise.
The concision benefit is not only the number of constraints, but their alignment with the

mathematical specification. Taking the Einstein riddle as an example (a puzzle of 5 people, each
with 5 attributes), the 25 FOL constraints without set operations correspond to the 15 given clues
and 10 bijectivity constraints, naturally matching the problem statement and distributing the model
across 5 blocks for the attributes. By contrast, the translated ASP program is a single monolithic
encoding with 9 appearances of different forms of aggregates, which is less intuitive to implement
even when the program size is comparable to the SetLah! version.
A notable case is N-clique, which cannot be expressed in pure FOL within SetLah! (marked

NA) since the formula would require a conjunction of 𝑁 atoms, which is not achievable when the
value of 𝑁 is not fixed at modelling time. With set operations, the problem is directly expressed by
cardinality constraints. By contrast, N-queens can be expressed in pure FOL because its constraints
are pairwise (no two queens attack each other), so they do not require an 𝑁 -way conjunction.

The compilation time from SetLah! to ASP is short—around 1 second for most cases and up to
5 seconds across our full evaluation. Since compilation is performed once and the resulting ASP
program is reused across instances, all runtime comparisons below exclude compilation time. Note
that, unlike in RQ1 we use all valid set operations, later benchmarks only utilise set partition as
the extension of constraints, which desugars into standard ASP aggregates (see supplementary
material). The performance results are therefore attributable to the FOL constraint pipeline.

6.2 RQ2: Performance and Scalability

GL Square Evaluation. Among the cases in Tab. 2, the Graeco-Latin Square is the only one
where performance merits detailed investigation, as the others are either solved within seconds
or well-studied (e.g., N-queens [14], N-clique [55]). The GL square is also a historically significant
benchmark: in [17], the author notes that “Euler could have disproved the conjecture (with 23
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Table 3. PAR-2 Performance of GL Square in seconds (MeanCV%). Comparison of Sequential (1T), Parallel
(8T), and Massively Parallel (64T) execution. Timeout = 86,400s (sequential), 7,200s (parallel)

Sequential (1 Thread) Parallel (8 Threads) Parallel (64 Threads)

Ord SetLah! CaDiCaL Glucose SetLah! Parkissat CMS SetLah! Parkissat CMS

6 10.713% 9.98% 12.00% 2.612% 9.95% 39.87% 1.712% 3.913% 14.510%
7 0.669% 0.853% 2.71% 0.235% 1.37% 1.795% 0.217% 1.34% 0.44%
8 5069% 72110% 730% 10.671% 23.136% 2.73% 0.9109% 4.639% 3.02%
9 2941110% 107383% 2591% 618126% 105379% 4261% 3478% 23983% 7613%
10 8278080% 715785% 1728000% 4425120% 839676% 1362118% 504135% 191592% 160213%

hours) if given Maple.” We also tried first-order modelling with SMT solvers, including finite model
finding in CVC5 [77], but none scaled beyond small orders.

All encodings—including theMaple and SMT attempts discussed above—apply standard symmetry-
breaking by fixing the first row and column (i.e., the reduced GL square). We compare SetLah!-
generated ASP encodings against SAT solvers: CaDiCaL 1.9.5 and Glucose 4.2 for sequential
runs (via PySAT [50]), and ParKissat-RS [1] and CrytoMiniSat 5.1.3 [84] for parallel runs. Each
configuration runs with 10 random seeds to account for heuristic variance, under timeouts of
86,400s (sequential) and 7,200s (parallel). We report PAR-2 (mean runtime where timeouts count
as 2× the limit) and the Coefficient of Variation (CV% under PAR-2), which captures how sensitive
each solver is to random-seed choices. Tab. 3 compares three execution modes: Sequential (1T),
Parallel (8T), and Massively Parallel (64T).

Analysis. The key message from Tab. 3 is not that any single solver dominates—the high CV%
values confirm that runtime is heavily influenced by solver heuristics.

In the sequential baseline, CaDiCaL leads on larger orders (Order 9–10), which is unsurprising
given decades of SAT-specific engineering. However, CaDiCaL does not natively support parallel
execution. Clingo, by contrast, scales seamlessly: at Order 10, moving from 1 to 8 threads yields a
super-linear speedup (from 82,780s to 4,425s), surpassing both parallel SAT solvers.

With 64 threads, Clingo achieves the best PAR-2 across all orders, confirming that ASP solving
is a strong competitor for hard combinatorial problems even against state-of-the-art SAT solvers.

Grounding Scalability: Alloy’s benchmarks. The GL Square experiment tests solving compet-
itiveness; we now examine whether SetLah!’s compilation also makes the grounding scalable.
Unlike the GL Square, where solving dominates, many practical instances are bottlenecked by the
translation from high-level specification to solver-specific encodings. We evaluate on benchmarks
adapted from Alloy [51], a mature modelling tool (over 20 years of engineering) based on FOL with
relational algebra and SAT as backend. Its constraint language is similar to the FOL constraints
in SetLah!, making these benchmarks a natural fit. Two differences between Alloy and SetLah!
should be noted. First, Alloy targets properties of software systems rather than general combina-
torial problems. Second, its backend Kodkod [86] applies equisatisfiable transformations—rewrites
that preserve satisfiability but not necessarily the exact set of models (in contrast to SetLah! which
preserves the quasi-equivalent models as mentioned in Sec. 5.4). Thus the comparison is not a
claim that the two tools implement identical encodings; it isolates whether SetLah!’s FOL-to-ASP
translation can instantiate comparable relational constraints more efficiently.
In both tools, the expensive preprocessing step is a form of grounding: Kodkod instantiates

bounded relational formulas into propositional SAT variables and clauses, while SetLah! compiles
first-order constraints into ASP rules and lets Clingo ground those rules. The semi-declarative block
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Table 4. Scalability comparison of Alloy vs. SetLah!. Times in seconds (Grd = grounding, Slv = solving).
Speedup columns show the ratio (positive means SetLah! is faster, negative means Alloy is faster).

genealogy (recursive, SAT)
7 definitions, 11 constraints

Alloy SetLah! Speedup
𝑛 Grd Slv Grd Slv Grd Total

15 0.14 0.05 0.04 0.00 3.5× 4.8×
30 1.24 0.80 0.41 0.09 3.0× 4.1×
45 6.42 1.54 2.06 0.87 3.1× 2.7×
60 22.21 12.84 6.65 0.95 3.3× 4.6×
75 58.76 23.08 16.85 1.32 3.5× 4.5×

academia_3 (recursive, UNSAT)
17 definitions, 22 constraints

Alloy SetLah! Speedup
𝑛 Grd Slv Grd Slv Grd Total

25 0.38 0.08 0.05 0.00 7.6× 9.2×
50 2.67 0.49 0.38 0.00 7.0× 8.3×
75 10.14 1.52 1.43 0.00 7.1× 8.2×
100 25.08 1.52 3.45 0.00 7.3× 7.7×
125 49.17 7.46 8.05 0.00 6.1× 7.0×

academia_2 (non-recursive, SAT)
8 definitions, 9 constraints

Alloy SetLah! Speedup
𝑛 Grd Slv Grd Slv Grd Total

100 0.72 0.22 0.12 0.00 6.0× 7.8×
200 4.09 0.97 0.53 0.02 7.7× 9.2×
300 11.40 2.29 1.13 0.03 10.1× 11.8×
400 24.79 12.62 2.24 0.05 11.1× 16.3×
500 44.85 96.45 3.59 0.07 12.5× 38.6×

birthday (non-recursive, UNSAT)
4 definitions, 4 constraints

Alloy SetLah! Speedup
𝑛 Grd Slv Grd Slv Grd Total

5 0.01 0.00 0.01 0.00 ±1.0× ±1.0×
10 0.06 0.03 0.03 0.10 2.0× -1.4×
15 0.19 0.06 0.12 1.94 1.6× -8.2×
20 0.29 0.08 0.44 15.28 -1.5× -42.5×
25 0.61 0.14 1.31 81.01 -2.1× -109.8×

structure also matters for modelling these examples. For instance, academia_3 first chooses whether
each person is faculty or student, and only then chooses whether chosen students are graduate or
undergraduate. This staged dependency is written directly as two SetLah! blocks; flattening it into
one ASP stratum would force the modeller to manually recover the same dependency structure.

We selected four representative instances from [68] that span two axes: recursive vs. non-recursive
definitions, and SAT vs. UNSAT outcomes. For each, we scale the input size and compare grounding
and solving times between Alloy (version 6.2, compiled to Glucose) and SetLah! (compiled to
Clingo, single-threaded). As discussed in Sec. 5.4, the auxiliary-based QE option can improve
grounding scalability by replacing large aggregate bodies with shareable ordinary rules. We enable
this option for the Alloy benchmarks because their runtime is dominated by grounding rather
than by search. Tab. 4 presents the results.

Analysis. The first three benchmarks show consistent advantages for SetLah!, for both grounding
and solving phases. The speedup is predominantly grounding-driven: SetLah!’s translation to
Clingo produces ground programs that are substantially smaller than those generated by Alloy’s
Kodkod backend, so that the grounding time is reduced. In other words, the splitting in SetLah!’s
translation (Sec. 5) effectively mitigates the grounding bottleneck for large instances, resulting in
better scalability. The grounding time dominates the total runtime across those three benchmarks
for SetLah!; while in academia_2 at 𝑛=500, Alloy’s solving time spikes to 96s (compared to
under 0.1s in SetLah!), indicating that the redundancy of Kodkod’s propositional encoding also
contributes to solving overhead. Note that the “recursive” benchmarks use recursion only for
transitive closure, which both Clingo and Kodkod handle natively; the grounding advantage of
SetLah! is therefore not specific to transitive closures but more generally to recursive definitions.
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The birthday benchmark reveals the differences. Unlike the others, this instance models a
transition system rather than a classical combinatorial search problem, and the search space grows
exponentially with depth. Kodkod’s automatic symmetry-breaking is particularly effective here
because model checking of transition systems is inherently highly symmetric. SetLah! struggles
from 𝑛=15 on solving time without such automated techniques; grounding also grows faster, likely
due to the frame problem [46]: FOLmust explicitly state non-change of unaffected variables, whereas
Alloy’s “override” operator handles this naturally. Bringing manual symmetry-breaking in SetLah!
could close this gap, but we use only the plain FOL encoding matching Alloy’s specification. This
is a limitation of the current surface language rather than a fundamental limit of ASP as a backend:
a frame or override construct could desugar to ASP programs (at least capturing the propositional
encoding in Alloy) in the same way that set operations desugar to aggregates. We leave such
transition-system-specific modelling support to future work.

6.3 RQ3:Qubit Layout Synthesis as a Case Study

A key advantage of SetLah!’s translation is solver transparency: the output is a reusable ASP
program, not only a one-shot ground instance (as those SAT-based modelling tools, cf. Sec. 7), so
it can be embedded in Clingo’s multishot API and solved incrementally or in parallel (Sec. 7).
We demonstrate this on quantum circuit layout synthesis [85] from Q-Synth v2 [81], a real-world
problem where multishot programming [38], analogous to incremental SAT [31], is essential.

The task is to map logical qubits of a quantum circuit onto the physical topology of a quantum
processor while minimising the number of SWAP gates, which is NP-complete. Q-Synth formulates
each mapping step as a satisfiability problem solved incrementally: the SWAP count is increased
step by step until a valid layout is found (SAT) or the bound is exhausted (UNSAT); see [81] for
details of the original problem and method, which are orthogonal to our experimental focus.

Modelling comparison. Similar to how we demonstrate the GL Square in Sec. 3, Q-Synth’s original
encoding [81] uses 8 parameterised variables with 5 groups of constraints—already concise on
paper, but manually encoded into CNF in the implementation, totalling roughly 600 lines of Python
code. The SetLah! encoding is substantially more compact: 10 declarations, 5 blocks with 10 rules
and 22 constraints expressing the same logic. The compiled ASP program is about 40 lines, with
about 60 lines of Python glue code needed to integrate it into Q-Synth.
The blocks follow the structure of the synthesis algorithm thanks to the semi-declarativeness

of SetLah!: the case when the choice on one predicate is attempted only after the previous
choice is fixed appears several times in the PCLP rules, in contrast to original encoding where
the dependencies are implicit in the boolean formulas. The complex FOL constraints involve at
most 12 atoms or 10 connectives and quantifiers in a single formula; writing the equivalent ASP
by hand is possible, and would likely match the backend performance, but it requires the same
auxiliary-predicate decomposition that SetLah! generates automatically.

Setup. We use Q-Synth’s benchmark of 69 instances of varying difficulty drawn from standard
quantum circuit families, and compare Q-Synth’s original SAT-based backend against a replacement
using SetLah!’s compiled ASP program with Clingo, in two matched settings:

• Single-threaded: clingo -t1 vs. cd19 (CaDiCaL 1.9.5, the fastest on this task in PySAT [50]).
• Multi-threaded (8T): clingo -t8 vs. cms -t8 (CrytoMiniSat 5.1.3 [84], a well-maintained
parallel SAT solver with Python API support).

All configurations use the same incremental solving loop from Q-Synth; only the backend solver
and encoding differ. The timeout is 10,800s per instance.
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Fig. 3. Cactus plots for Q-Synth qubit layout synthesis (69 instances, timeout = 10,800s). Left: single-threaded;
Right: 8 threads. The 𝑥-axis shows the 𝑛-th fastest-solved instance per configuration (not necessarily the
same instance); the 𝑦-axis shows cumulative runtime on a log scale. The legend reports rank sum (lower =
better: sum of per-instance runtime ranks across all instances) and total instances solved.

Results and Analysis. Fig. 3 presents the cactus plots. We use rank sum among 4 solvers—the
sum of each solver’s per-instance runtime rank—as an aggregate measure of runtime consistency,
complementing the solved-instance count. Note that the 𝑛-th point on each curve corresponds to
that solver’s 𝑛-th fastest instance, which need not be the same instance across solvers; thus a solver
whose curve is uniformly lower is overall faster, not necessarily on every individual instance.

In the single-threaded setting, both clingo -t1 and cd19 solve 58 of 69 instances. clingo
-t1 achieves a rank sum of 200 vs. 229 for cd19, indicating overall faster runtimes. Given that
CaDiCaL is the current performance leader among SAT solvers, matching it on solved instances
while achieving a better rank sum is strong evidence of SetLah!’s competitiveness. On the first ∼25
easy instances both solvers stay in the 1–2s range. From instance 25 onward the curves separate:
clingo -t1 remains at ∼2–4s through instance 45, while cd19 climbs to ∼8–20s. On the hardest
instances (50+), both spike into the 103–104s range and the gap narrows.

The multi-threaded comparison shows a stronger separation. clingo -t8 achieves a rank sum
of 139—far below cms -t8’s 226—with the gap visible from the earliest instances onward. In the
medium-difficulty range (instances 40–55), the gap widens to roughly an order of magnitude. cms
-t8 does solve one additional instance (59 vs. 58), but Clingo dominates on aggregate runtime.
This demonstrates that Clingo’s native incremental solving, made accessible through SetLah!’s
solver-transparent translation, is highly effective on real-world iterative search problems.

Unlike the GL Square, Q-Synth is not one monolithic satisfiability problem. It solves a sequence
of increasingly deep subproblems, most of which are UNSAT before the first valid layout is found.
This structure favours Clingo’s incremental grounding and solving, which can retain program
structure across steps. Multi-threading yields less dramatic speedups than in GL Square because
each incremental subproblem is smaller; the bottleneck is the number of depth steps, not only the
size of one search instance.

6.4 Discussion

State-of-the-art SAT and ASP solvers are mature systems developed over decades, with CDCL-style
search providing the core performance engine [43]. Performance among different solvers is highly
instance-dependent, especially on satisfiable cases where heuristics play a decisive role [34, 47]. No
single solver dominates all instances, so our evaluation should be read as evidence that SetLah!
with Clingo is competitive, not universally superior. Beyond the performance results above, we
highlight several broader insights emerging from our experiments.
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ASP as a viable backend. Although less well-known than SAT in the Programming Languages
community, ASP is a competitive alternative for combinatorial problems. Clingo’s portfolio-based
parallel solving [30, 42] and its native support for incremental solving make it one of the most
capable maintained systems in this space—yet it has received limited attention outside the LP/KR
communities (e.g., [9, 66, 90] start to address the use of ASP in PL only from 2023), partly due to
the difficulty of its input language. SetLah! lowers this barrier: its block structure decomposes
problems into sub-problems, each modelled declaratively with guess-and-check via FOL constraints,
letting non-experts automatically obtain efficient ASP encodings.

Modularity and extensibility. SetLah!’s rewriting pipeline is modular and orthogonal to existing
optimisation techniques for logic programs: rule rewriting for better grounding [8, 28] or solving [45,
89] can be integrated into the translation or post-processing without changing the source language.
Supporting alternative backends such as SAT or Datalog—when ASP’s full expressiveness is not
needed—is a promising direction for combining the strengths of different solvers.

LLMs and SetLah! One may wonder whether large language models (LLMs) make SetLah!
unnecessary. In our experience, LLMs can generate PySAT code for GL Squares but struggle with
less common APIs (e.g., CrytoMiniSat), and—more fundamentally—the resulting CNF encodings
are hard to trust: like manual modelling (Sec. 3.1), the encoding may diverge from the problem
statement, making verification difficult. Even as models improve, SetLah! can serve as a preferable
generation target: its FOL constraints are closer to natural language, and its encodings are far
smaller than equivalent SAT code, making them both cheaper to generate and easier to verify.

7 Related Work

Transformation of Formulas and Programs. The CNF transformations in SAT solving (e.g., Tseitin
transformation [87]) convert arbitrary propositional formulas into the CNF format required by
SAT solvers. While the transformation can be linear in the size of the formula, the propositional
formulas themselves can be exponential in the size of the original problem specification. Like in
the GL square, our preliminary experiments confirmed that the formula generation grows fast and
takes minutes for n=6 when applying Tseitin transformation directly on the grounded FOL formula.
In contrast, the translation from SetLah! to ASP (Sec. 5) operates at a higher level of abstraction:
each FOL formula is first rewritten into split ASP constraints to mitigate the grounding cost. From
the aspect of mimicking the human modelling process, our idea coincides with Lean-Egg [80],
which also utilises equality saturation in the domain of automated mathematical reasoning.

F2LP [58] also translates first-order formulas into logic programs, and quantifier elimination
through auxiliary predicates in SetLah! is therefore not new by itself. The difference is that SetLah!
treats FOL translation as part of a modelling language and an optimisation pipeline: conjunction
splitting is performed before QE so that the ASP grounder sees smaller-variable constraints. This is
the source of the grounding improvements discussed in Sec. 6.2.
Closely related to our work, FOLASP [27] accepts the language of IDP [19] as input for ASP

solvers, also sharing the motivation of bridging FOL and ASP. However, the language is designed
upon inductive definitions [26], making the semantics less intuitive than SetLah!’s branching
fixpoint semantics based on guess-and-check. Moreover, FOLASP’s translation to ASP is ad hoc—
purely bottom-up on the formulas without considering grounding efficiency, resulting in poor
scalability of the translated ASP programs in practice (as shown in [27]).

Relevant Paradigms for Constraint Solving. As illustrated in Sec. 3, the principal differences
between ASP and SAT are: 1) the head-body structure of logic programs vs. the propositional
implication, and 2) the first-order variables in ASP vs. the propositional syntax of SAT. The former
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was first characterised by the loop formulas [64], which connect the stable model semantics to SAT
solving, enabling DPLL-based SAT solvers [23] to be adapted for ASP [59, 83] and leading to the
development of CDCL-based ASP solvers [4, 41].
ezASP [33] is closest to SetLah! in spirit: it also argues that many users do not need the full

generality of the stable model semantics and offers a stratified, easier-to-read fragment of ASP.
SetLah! follows the same ideology but makes two different choices. First, it removes negation
from rule bodies and makes choice explicit; this rules out unstratified negation, and even negation-
heavy encodings that are legal in ezASP, in exchange for a direct guess-and-check reading. Second,
SetLah! sequences PCLP blocks, so choices in a later block may depend on atoms chosen in an
earlier one. This enables stratified examples from Alloy and Q-Synth.

As discussed, SMT’s quantifier handling [22] may not scale on harder combinatorial search prob-
lems in finite domains: quantifiers are processed lazily compared to ASP’s eager grounding, since
SMT is designed for expressive (possibly infinite) theories rather than finite-domain enumeration.
Performance advantages of ASP over SMT have also been observed in Datalog synthesis [9, 74],
where fixpoint-based reasoning is more natural. A common misconception is that SMT, being “more
expressive” than SAT, should subsume it on finite problems—but SMT is not first-order SAT : a solver
for problem class 𝐴 is not necessarily efficient on every subset of 𝐴. This motivates future work on
detecting finite-domain SMT problems and translating them into SetLah! for efficient solving.

The idea of branching fixpoint semantics is closely related to the semantics of Dusa [66], which
is also a choice-based language that can mimic stable model semantics. However, Dusa uses its own
backtracking-based evaluation rather than leveraging existing ASP systems, and supports restricted
constraints, limiting its capability on modelling and solving general combinatorial problems. In
this work, we use SetLah! to release the power of ASP solvers for combinatorial search, but
neither have we illustrated all practical advantages of ASP over SAT, nor has SetLah! supported
all features of ASP. For example, ASP solvers natively support enumerating all stable models
(e.g., 92 solutions for the 8-queens problem), which is rarely available in SAT/SMT solvers [53]—
manually banning previously found models introduces significant overhead in both modelling
and solving [14]. Features like brave/cautious reasoning [5] and projection [40] are also naturally
supported by the compiled ASP programs. Other useful features such as weak constraints [18] and
heuristics [39] require language-level extensions to SetLah!, to be investigated in future work.
Traditional constraint programming (CP) systems are rooted in Prolog-style top-down uni-

fication and backtracking, whose scalability limitations compared to SAT-based methods are
well-discussed [15]. Consequently, more recent CP tools adopt SAT or other modern solvers as
backends: Enfragmo [2] and Picat [93] compile constraint models to SAT. However, unlike Set-
Lah!’s compilation to ASP which preserves solver transparency, their strict pipeline separation
aggressively flattens high-level specifications into solver-specific, instance-grounded formats, pre-
venting users from exploiting advanced solver features such as incremental and parallel solving. On
the other hand, with certain finite domain like integer variables, classical CLP(FD) [29] or modern
CP systems [73] can be a better choice than SAT/ASP-based methods.
Among CP tools, MiniZinc [70] and Conjure [3] share a similar motivation with SetLah!:

providing a high-level declarative modelling language. However, their language designs differ
fundamentally. CP languages are primarily algebraic, supporting more expressive constraints than
logic formulas—including numerical and global constraints—which is why our evaluation in Sec. 6
compares with SAT rather than CP. Their backend-agnostic design requires compiling models
into intermediate representations, which loses rich relational structures. In contrast, SetLah! is
inherently relational and preserves structural information through its modular translation to ASP.
Similar to SMT vs. SAT, for combinatorial problems naturally modelled in pure ASP, native ASP
solvers outperform MiniZinc approaches in the benchmark of [32, 79].
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