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Abstract—CPMpy [6] is an open-source Python library for
modeling combinatorial (optimisation) problems. Solvers from
different CO paradigms support different types of decision
variables and constraints. Through a series of equivalence-
preserving constraint reformulations, CPMpy can transform a
constraint model into the target format, enabling systematic
comparisons of solvers across paradigms. For this competition,
we use CPMpy as a middleware that can translate .opb input to
the solver APIs of varying technologies: SMT, CP, (M)ILP, PB,
and (Max)SAT. Included in this submission are LCG CP solver
OR-Tools CP-SAT, ILP solver HiGHS, and PB solver Pindakaas-
CaDiCaL. The purpose of our submission is to widen the range of
solving technologies evaluated in the competition, while reusing
and stress-testing the transformation capabilities of CPMpy.

License : CPMpy is licensed under the Apache-2.0 license
Code : CPMpy’s code is available on GitHub:
https://github.com/CPMpy/cpmpy
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I. FORMAT LOADERS

In the recent work of [10], we introduced a collection of
file format readers and loaders to CPMpy. These tools convert
well-known benchmarking instances into CPMpy models, giv-
ing access to our constraint reformulation stack; an extensive
set of rewrite operations such as constraint decomposition,
linearization, and Boolean encodings, that allow transforming
between different constraint formalisms.

II. CONSTRAINT REFORMULATIONS

Solvers from different CO paradigms support different types
of decision variables and constraints. Constraint Programming
(CP) has the most expressive language, supporting global
constraints [12], potentially non-linear, over both integer and
Boolean decision variables. Next are Integer Linear Pro-
gramming (ILP) solvers supporting only linear inequality
constraints, Pseudo-Boolean (PB) solvers supporting linear

inequality constraints over Boolean variables, and (Max)SAT-
solvers which support Boolean formulas in Conjunctive Nor-
mal Form (CNF).

Solvers from the more expressive paradigms can take less
expressive languages as input, but the reverse direction re-
quires rewriting a set of high-level expressions into a set of
lower level expressions, often requiring the use of auxiliary
variables. This is achieved through a series of equivalence-
preserving constraint reformulations, transforming a constraint
model into the target format. We identify five main reformula-
tion stages: decomposition, flattening, linearization, encoding
integer variables to Booleans, and encoding pseudo-Boolean
constraints into CNF. Each of the transformations is imple-
mented in CPMpy as a separate function.

A. Decomposition

When a CP solver does not support a particular CP global
constraint, or when targeting a lower level paradigm, that
global constraint needs to be rewritten into a collection of
equivalent lower level expressions, i.e. decomposing the con-
straint. Examples of global constraints include AllDifferent,
Element, Cumulative and Circuit.

We partition the constraints resulting from the decomposi-
tion into two groups; value and defining. The value constraints
represent the logical value of the original constraint. When a
global constraint occurs in a reified or nested context (e.g.,
under implication, disjunction, or negation), these constraints
must themselves be reified or nested to preserve composi-
tional semantics [1]. Defining constraints define the value of
new auxiliary variables introduced by the decomposition, and
should always be enforced at top-level. Returning both groups
of constraints separately prevents unnecessary reification or
nesting. In practice, CPMpy also uses the concept of global
constraints to decompose non-linear functions such as Max,
Min, Multiplication and Division.

B. Flattening

The second step in the transformation pipeline is to elim-
inate nested expressions; introducing auxiliary variables such
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that each constraint is over decision variables rather than over
other expressions. To improve the output of this process, we re-
use auxiliary variables through common subexpression elim-
ination (CSE). Whenever we introduce an auxiliary variable
for a sub-expression, we first check if such a variable already
exists in a cache we maintain.

C. Linearization

To transform the constraint model into a linear or Boolean
model, we linearize the global constraints and functions. We
employ standard decompositions for most global constraints
available in the CPMpy library, and use a few alternative
linear-friendly decompositions for some often-used global
constraints. These decompositions encode the integer variables
into auxiliary Boolean variables by using a direct encod-
ing. For example, ALLDIFFERENT(X) is decomposed into∑

xi∈XJxi = vK ≤ 1 for each value in the domain of the
variables in X . Similarly, ELEMENT(A, idx , v) is decomposed
to

∑
i=1..|A| aiJidx = iK = v.

Additionally, we detect the use of categorical variables
and encode them once using a direct encoding, rather than
linearizing each b ⇔ (x = v) expression separately. This
is done by checking whether comparison constraints such as
(x = v) are used as a subexpression. E.g., the constraint
(x = 3) ∨ (y ̸= 1) is linearized by first adding the direct
encoding of both x and y and then linearizing the constraint
as Jx = 3K+¬Jy = 1K ≥ 1, with Jx = vK the Boolean variable
from the direct Boolean encoding.

D. Boolean encoding of integer variables

To encode Constraint Programming models or ILP models
for (Pseudo-)Boolean solvers, all integer variables must be
encoded into Boolean variables. We currently support the most
common encodings: direct encoding [13], order encoding [11]
or log-encoding (also known as binary encoding) [5]. We
reuse the direct encoding if it already exists, and otherwise
heuristically decide an encoding based on the size of the
domain.

CNF encoding of pseudo-Boolean constraints: When
targeting a constraint model for (Max)SAT, the last stage in
our transformation pipeline consists of encoding all pseudo-
Boolean constraints into clausal form. For this final step, we
connect to standard tools from the (Max)SAT community,
namely PySAT (including pypblib) [8] and the pindakaas
library [3], both of which contain a large number of state-of-
the-art CNF encodings for pseudo-Boolean constraints.

All the above transformations include encoding choices,
e.g. how to decompose the different global constraints, what
integer encoding to use, what PB encoding to use etc. These
choices are still under active study in the community today to
determine different trade-offs related the size of the encoding
and the overall runtime performance of the solver. Any library
that aims to transform between different formalisms will have
to set some reasonable default choices, these can always be
changed or improved by expert users.

III. SOLVERS

CPMpy can translate to the Python API of many different
solvers spanning CP, MIP, SMT, pseudo-Boolean and SAT
technologies. Our CPMpy submissions bundle the following
solvers:

• cpmpy_ortools [9] (version: 9.15.6755) The default
solver in CPMpy, it is a lazy clause generation CP solver.
It supports parallel search too.

• cpmpy_highs [7] (version: 1.14.0) An high perfor-
mance serial and parallel linear optimisation solver, sup-
porting LP, QP and MIP.

• cpmpy_pindakaas_cadical [4] [2] (version: 0.4.1)
Pindakaas is a Rust library to transform pseudo-Boolean
and integer constraints into CNF, using CaDiCal as the
default solver backend.

We did not significantly contribute to the development of
any of these solvers, with the exception of the Pindakaas
library, and are grateful to the solver developers for making
their technology available.
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