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Abstract
Reductions and gadgets are key tools in computational complexity, with gadgets serving as the
building blocks of reductions. Despite their importance, gadget construction has traditionally been
ad hoc. We present a method to compute gadgets automatically, enabling systematic reductions
and offering insights for both theory and practical solver design.

2012 ACM Subject Classification Theory of computation → Constraint and logic programming

Keywords and phrases Gadgets, Satisfiability, Maximum Satisfiability, Mixed Integer Programming

1 Introduction

Reductions between constraint formalisms constitute a fundamental tool in theoretical com-
puter science and combinatorial optimization. In particular, a reduction is a transformation
from one problem to another, typically employed in computational complexity theory to
compare their relative difficulty. If a problem A can be reduced to a problem B (for instance,
reducing 3-SAT to 3-colorability problem), this means that any solution procedure for B

can be used to solve A. Reductions are primarily used to establish hardness results, such as
NP-completeness.

A gadget is a small construction used within a reduction. More precisely, it is a finite
combinatorial structure that enables the translation of specific constraints from one optimiz-
ation problem into corresponding constraints of another optimization problem. In this sense,
gadgets are local structures designed to simulate components of the source problem inside
the target problem, and they serve as the fundamental building blocks from which reductions
are constructed.

Typically, gadgets have played a central role in demonstrating the hardness of optimization
problems. They are the core of any reduction between combinatorial problems, and they
retain this role in recent results on the non-approximability of optimization problems.

Recently, in [1], new gadgets from SAT to Max2SAT were introduced, understanding by
SAT the corresponding optimization problem (MaxSAT) where all clauses have equal weight.
In particular, this allowed reductions from SAT to Max2SAT in such a way that some families
of SAT instances that necessarily require exponential proofs in Resolution [12] (the underlying
proof system in SAT solvers) could be solved in polynomial time by state-of-the-art MaxSAT
solvers. In this sense, gadgets were used to enable access to more powerful proof systems in
practice. Additionally, in [2], several gadgets to reduce SAT to Max2XOR were introduced,
which can be used to translate SAT instances to initial configurations of a quantum annealer.

Regrettably, in general, the gadgets presented in the literature lack systematic and efficient
construction methods. As observed by Trevisan et al [14]: “Despite their importance, the
construction of gadgets has always been a ‘black art’ with no general methods of construction

mailto:josep.alos@udl.cat
https://orcid.org/0000-0002-7342-2701
mailto:carlos.ansotegui@udl.cat
https://orcid.org/0000-0001-7727-2766
mailto:supratik@cse.iitb.ac.in
https://orcid.org/0000-0002-7527-7675
mailto:eduard.torres@udl.cat
https://orcid.org/0000-0002-3136-7513


2 Computing Gadgets

known.” In this paper, we take a step towards mitigating this problem. Specifically, we
present a tool to compute and verify gadgets automatically. While the arity of the constraints
we can manage is limited from a practical point of view, our method can still provide useful
insights for researchers, who may attempt to generalize these gadgets to arbitrary arities.

2 Preliminaries

We restrict our attention primarily to Boolean constraints, and use 0 and 1 to denote false
and true respectively. A k-ary constraint function is a Boolean function f : {0, 1}k → {0, 1}.
A constraint family is a set F of constraint functions (with possibly distinct arities). A
constraint over variables V = {x1, . . . , xn} and constraint family F , is a pair formed by
a k-ary constraint function f ∈ F and a k-tuple X = (xi1 , . . . xik

) of variables from V .
We denote such a constraint by f(xi1 , . . . , xik

), or f(X ) for short. A (weighted) constraint
problem over V and F is a multiset of (weight, constraint) pairs, where each constraint
is over V and F , and all weights are rational numbers. We denote such a problem by
P = {(w1) f1(x1

i1
, . . . , x1

ik1
), . . . , (wm) fm(xm

i1
, . . . , xm

ikm
)}.

An assignment is a function I : {x1, . . . , xn} → {0, 1}. We extend I to constraints
in the natural way: for any constraint f(X ), where X = (xi1 , . . . , xik

), define I (f(X )) =
f (I(xi1), . . . , I(xik

)) . We say that an assignment I satisfies the constraint f(X ) if I (f(X )) =
1. The value of an assignment I for a constraint problem P = {(wi) fi(Xi)}i=1,...,m, is the
sum of weights of the constraints satisfied by the assignment, i.e. I(P ) =

∑m
i=1 wi I(fi(Xi)).

Alternatively, the cost of assignment I is the sum of weights of the constraints falsified by
the assignment. An assignment is said to be optimal for a constraint problem if it maximizes
its value (or equivalently, minimizes its cost).

We use k-SAT to refer to the constraint family defined by constraint functions of the
form f(x1, . . . , xk) = l1 ∨ · · · ∨ lk, where each li is either xi or xi. We use Max-k-SAT to
refer to the union of weighted constraint families i-SAT, for 0 ≤ i ≤ k, and use MaxSAT
for

⋃
i≥0Max-i-SAT. A linear constraint is a constraint of the form

∑n
i=1 aixi ⋄ b, where ai

and b are (real) constants, xi are (real) variables, and ⋄ ∈ {<, ≤, >, ≥}. A pseudo-Boolean
(PB) constraint is a linear constraint, where the variables are Boolean. Finally, a cardinality
(Card) constraint is a PB constraint where all ai’s are equal to 1.

3 Gadgets

We start with the definition of an (α, β)-gadget, as given in [1]. In the following, we abuse
notation and use X for both a tuple of variables, and for its underlying set, depending on
the context.

▶ Definition 1. An (α, β)-gadget from F1 to F2 is a function that, for any constraint
f(X ) over F1 returns a weighted constraint problem P = {(wi) gi(X ∪ B)}i=1,...,m over F2
and variables X ∪ B, where B are fresh (extension) variables distinct from X , such that
β =

∑m
i=1 wi and, for any assignment I : {X } → {0, 1}:

1. If I(f(X )) = 1, then for every extension I ′ : X ∪ B → {0, 1} of I, we have I ′(P ) ≤ α.
Furthermore, there exists an extension with I ′(P ) = α.

2. If I(f(X )) = 0, then for any extension I ′ : X ∪ B → {0, 1} of I, we have I ′(P ) ≤ α − 1.
Additionally, if there exists an extension with I ′(P ) = α − 1, the gadget is called strict.

We can define an optimal gadget in several ways. In [14] an optimal gadget is a gadget of
minimum α.
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Interpreted as a constraint satisfaction problem, a gadget has the property that its maximum
value equals α under satisfying assignments of f(X ), while for falsifying assignments, its
maximum value is at most α − 1.
▶ Example 1 (Adapted from [6]). Given a 3-SAT clause
(x1 ∨ x2 ∨ x3), the set of Max-2-SAT clauses shown
in Figure 1 defines a (7, 10)-gadget from 3-SAT clauses
to Max-2-SAT, where b1 is a fresh variable.

(1) x1

(1) x2

(1) x3

(1) x1 ∨ x2

(1) x1 ∨ x3

(1) x2 ∨ x3

(1) b1

(1) b1 ∨ x1

(1) b1 ∨ x2

(1) b1 ∨ x3

Figure 1 Gadget for Example 1
Any (α, β)-gadget can be converted into an (α′, β′) gadget, where α′ > α, by scaling

every entry of the gadget’s weight function by α′/α. However, this transformation may not
preserve strictness. Hence, stronger gadgets correspond to smaller values of α; in the ideal
case, a gadget with α = 1 would be optimal.

▶ Lemma 1 (Lemma 1 in [1]). The concatenation of a (α1, β1)-gadget from F1 to F2 and a
(α2, β2)-gadget from F2 to F3 results into a (β1 (α2 − 1) + α1, β1β2)-gadget from F1 to F3.

Composing simpler reductions to obtain more complex reductions is a standard technique
used in complexity-theoretic arguments. However, Lemma 1 shows that concatenating gadgets
corresponding to the component reductions may not always yield the optimal gadget for the
overall reduction. For example, when trying to reduce a k-SAT (k > 3) clause to Max-2-SAT,
one could first reduce a k-SAT clause to a set of 3-SAT clauses (standard reduction, see
Lemma 5 in [1]), and then reduce each 3-SAT clause to Max-2-SAT. However, as shown
in [1], the concatenation of the standard k-SAT to 3-SAT gadget with any (α, β)-gadget
from 3-SAT to Max2SAT results in a (α(k − 2), β(k − 2))-gadget from k-SAT to Max-2-SAT.
Notice that the first parameter of the composed gadget is not necessarily small.

▶ Lemma 2 (Adapted from Lemma 2 in [1]). Let ϕ be a k-SAT (Max-k-SAT) instance with
n clauses, and let (α, β) be a gadget for reducing a k-SAT clause to Max-2-SAT. Denote
by gadgetα,β(ϕ) the Max-2-SAT instance obtained by applying the gadget to every clause in
ϕ. Then, ϕ is satisfiable iff the maximum value of gadgetα,β(ϕ) is ≥ nα. Equivalently, ϕ is
unsatisfiable iff the optimal cost of gadgetα,β(ϕ) is > n(β − α).

The above lemma indicates that when reducing SAT to Max-2-SAT, one may want to use
gadgets with smallest possible β − α. This would allow the corresponding Max-2-SAT
instances to have a lower optimum in terms of cost. In general, we may have different types
of desirable constraints when designing gadgets with specific use-cases. For example, we may
explicitly want (i) gadgets that are not strict, (ii) gadgets with unit clauses, since this can
assist SAT-based MaxSAT solver through Boolean inference, (iii) gadgets with minimum
number of extension variables, (iv) gadgets where the gap produced by extension variables for
a given set of interpretations is minimal or maximal, etc. This motivates the development of
a tool that can automatically search through the space of constrained gadgets, and construct
ones that suit our purpose.

4 GadgetoCompiler Tool: A Glimpse

The GadgetoCompiler tool is designed to help users create new gadgets with custom con-
straints. The tool is available at https://pypi.org/project/gadgetocompiler/ and the
documentation at https://ulog.udl.cat/static/doc/gadgetocompiler/index.html.

GadgetoCompiler accepts the following as inputs: (i) the constraint function f(X ) for
which we require a gadget, (ii) the extension Boolean variables B that the gadget is allowed
to use, and (iii) the constraint family F from which the weighted constraints (wi) gi(X ∪ B)

https://pypi.org/project/gadgetocompiler/
https://ulog.udl.cat/static/doc/gadgetocompiler/index.html
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in the gadget must be selected. As output, we obtain the weighted constraint problem over
the selected constraint family produced by the gadget.

GadgetoCompiler implements an abstract class called Constraint that provides a con-
venient way for users to specify the constraint function and the constraint family provided
as input ot the gadget. The class Constraint implements various useful methods to get
the variables in a constraint, to evaluate a constraint under a given assignment, to list the
different constraints that can be built from a set of variables, etc.

▶ Example 2. We show below a Python snippet showing actual usage of GadgetoCompiler
based on Gurobi to generate a gadget from 3-SAT to Max-2-SAT, using one auxiliary variable:

1 from gadgetocompiler import Clause , GurobiGadgetoCompiler
2

3 g = GurobiGadgetoCompiler . generate (
4 Clause ([1 ,2 ,3]) ,
5 [( Clause , 2), (Clause , 1)],
6 alpha_ub =10, max_auxs =1)
7

8 g.show ()
9 g. show_assignment_values ()

Class Clause inherits and implements class Constraint. This class allows us to define
both the input constraint function to the gadget (line 4) and the constraint family involving
constraint functions 2-SAT (clauses of arity 2) and 1-SAT (clauses of arity 1) in line 5.
To generate the gadget, we call method generate in the compiler, which also takes as
argument the maximum number of extension variables, and an upper bound on α. By
default, the compiler minimizes α. The tool documentation explains many other parameters
that control how to generate the gadget, and how to execute Gurobi. Method show reports
that the compiler has computed an (α = 3.5, β = 4)-gadget to Max-2-SAT containing 7
weighted binary clauses. Method show_assignment_values shows the value of every possible
interpretation on the input constraint and the extension variables in the Max-2-SAT instance.
The above code generates the following output:

1 Input : 1.00: 1 2 3
2 Gadget :
3 0.50: -1 -2 0.50: -2 4
4 0.50: 1 2 0.50: 2 -4
5 0.50: -1 4 1.00: 3 4
6 0.50: 1 -4
7 Sat_gadget_bounds : [2.5 , 3.5]
8 Unsat_gadget_bounds : [0.5 , 1.5]
9 Beta 4.0

10 # Assigment #Min -Loss #Max -Gain #SAT/UNSAT
11 (0, 0, 0, 0) 1.5 2.5 UNSAT (1, 0, 0, 0) 1.5 2.5 SAT
12 (0, 0, 0, 1) 1.5 2.5 UNSAT (1, 0, 0, 1) 0.5 3.5 SAT
13 (0, 0, 1, 0) 0.5 3.5 SAT (1, 0, 1, 0) 0.5 3.5 SAT
14 (0, 0, 1, 1) 1.5 2.5 SAT (1, 0, 1, 1) 0.5 3.5 SAT
15 (0, 1, 0, 0) 1.5 2.5 SAT (1, 1, 0, 0) 2.5 1.5 SAT
16 (0, 1, 0, 1) 0.5 3.5 SAT (1, 1, 0, 1) 0.5 3.5 SAT
17 (0, 1, 1, 0) 0.5 3.5 SAT (1, 1, 1, 0) 1.5 2.5 SAT
18 (0, 1, 1, 1) 0.5 3.5 SAT (1, 1, 1, 1) 0.5 3.5 SAT

5 Computing Gadgets Automatically

In this section, we show how we can compute (α, β)-gadgets automatically by solving a
combinatorial optimization problem. We follow the approach in [14, 1] to some extent.
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Given a k-ary constraint function f(X ) on Boolean variables, our goal is to automatically
generate an (α, β)-gadget that minimizes some applicant-dependent objective function defined
on α and β. For simplicity, we discuss the case where the objective function is α; the reasoning
for other objective functions is analogous.

Let C be the set of all candidate constraints on variables X ∪ B, that belong to the given
constraint family F . We formulate our optimization problem as follows:

Variables: For each candidate constraint c ∈ C, we define a rational-valued variable wc

(wc ≥ 0) that represents the weight of the candidate in the weighted constraint problem
returned by the gadget. If the value of wc returned by the optimizing solver is > 0,
constraint c with weight wc is included in the constructed gadget; otherwise c is excluded.
We also have rational variables α, β for the parameters of the gadget.
Objective function: For simplicity, we consider minimizing α.
Constraints: We consider the following constraints, arising from Definition 1.

(a.1) ∀X
(
f(X ) = 1 =⇒

(
∀B

∑
c∈C wc · c(X ∪ B) ≤ α

))
(a.2) ∀X

(
f(X ) = 0 =⇒

(
∀B

∑
c∈C wc · c(X ∪ B) ≤ α − 1

))
(b.1) ∀X

(
f(X ) = 1 =⇒

(
∃B

∑
c∈C wc · c(X ∪ B) = α

))
(b.2) ∀X

(
f(X ) = 0 =⇒

(
∃B

∑
c∈C wc · c(X ∪ B) = α − 1

))
, if the gadget must be strict.

(c) 0 ≤ α ≤ αub, and 0 ≤ wc ≤ αub for all c ∈ C, where αub is a user-provided upper
bound on α.

Note that constraints a.1 and a.2 can be combined into ∀X ∀B
( ∑

w∈C wc · c(X ∪ B) ≤
α − (1 − f(X ))

)
. For strict gadgets, constraints b.1 and b.2 can be combined into

∀X ∃B
( ∑

c∈C wc ·c(X ∪B) = α−(1−f(X ))
)
. Finally, if the objective function to minimize

depends on the gadget parameter β, then we must add the constraint β =
∑

c∈C wc.
To solve the above optimization problem, we can expand the universal and existential
quantifiers. This gives a conjunction of linear constraints on variables wc and α arising
from constraints a.1 and a.2. For each of constraints b.1 and b.2, we obtain a conjunction
of disjunction of linear constraints.

▶ Example 3. Let f(X ) = (x1 ∨ x2 ∨ x3) be
the input constraint function, B = {b} be a
singleton set of extension variable, and Max-
2-SAT be the target constraint family for our
desired gadget. The set C of candidate con-
straints has 24 (=

(4
2
)

· 22) binary clauses and
8 (=

(4
1
)

· 21) unary clauses. Let the weight
variables wc associated with constraints c ∈ C

be as shown in Figure 2. Suppose we want
to construct a strict gadget that minimizes α,
where αub is given as 7.

(w1) x1 ∨ x2

(w2) x1 ∨ x2

(w3) x1 ∨ x2

(w4) x1 ∨ x2

(w5) x1 ∨ x3

(w6) x1 ∨ x3

(w7) x1 ∨ x3

(w8) x1 ∨ x3

(w9) x1 ∨ b

(w10) x1 ∨ b

(w11) x1 ∨ b

(w12) x1 ∨ b

(w13) x2 ∨ x3

(w14) x2 ∨ x3

(w15) x2 ∨ x3

(w16) x2 ∨ x3

(w17) x2 ∨ b

(w18) x2 ∨ b

(w19) x2 ∨ b

(w20) x2 ∨ b

(w21) x3 ∨ b

(w22) x3 ∨ b

(w23) x3 ∨ b

(w24) x3 ∨ b

(w25) x1

(w26) x2

(w27) x3

(w28) b

(w29) x1

(w30) x2

(w31) x3

(w32) b

Figure 2 Candidate constraints and weights

It can be verified that every interpretation of {x1, x2, x3, b} satisfies exactly 22 (=
(4

2
)
·3+4)

of the above weighted constraints. Therefore,
∑

c∈C wc · c(X ∪ B) is the sum of exactly 22
weights wc in each linear constraint in our optimization problem. Expanding the quantified
constraints in a.1 and a.3, we obtain a conjunction of 16 (= 24) linear constraints, of which 14
have the comparator "≤ α" (corresponding to 7 satisfying interpretations of f(X ), extended
with two interpretations of B), and 2 have the comparator "≤ α − 1". As an example,
for x1 = x2 = x3 = b = 1 (note f(X ) = 1), we get the following constraint from a.1:( ∑6

k=0(w1+4k + w2+4k + w3+4k

)
+ w28 ≤ α.

Similarly, expanding the quantified constraints in b.1 and b.2, we obtain a conjunction of
a set of 8 constraints, each of which is a disjunction of 2 linear constraints corresponding to
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b = 1 and b = 0. In 7 of these 8 constraints (corresponding to satisfying interpretations of
f(X )), the comparator "= α" is used in each disjuncted linear constraint, while in the final
constraint (corresponding to x1 = x2 = x3 = 0), the comparator "= α − 1" is used in each
disjuncted linear constraint.

Finally, since αub = 7, we add the constraints 0 ≤ wi ≤ 7 for 1 ≤ i ≤ 32, and also
0 ≤ α ≤ 7 to complete the formulation of our optimization problem.
Mixed Integer Programming (MIP) Approach: The optimization problem described
above admits a straightforward Mixed Integer Programming (MIP) formulation. We use
continuous or integer variables for wc, α and β, instead of using rational variables. To
encode the disjunction of linear constraints of the form

∑
wc = α (constraints b.1), we first

observe that
∑

wc ≤ α is already enforced by constraint a.1. Therefore, we only need to
encode disjunction of constraints of the form

∑
wc ≥ α. We use the Big-M technique [10].

For each disjuncted linear constraint of the form
∑

wc ≥ α, we introduce the constraint∑
wc ≥ α − M y, where y is a fresh Boolean variable, and M = αub. Finally, the disjunction

of constraints of the form
∑

wc ≥ α is replaced by a conjunction of the big-M encoded
constraints derived above. Assuming Y denotes the set of all new y variables, we also add
the constraint

∑
y∈Y y ≤ |Y| − 1 to ensure that at least one y is assigned 0. To solve the

MIP model, we use the Gurobi Python API [7] and OR-Tools [11] with the CP-SAT solver.
Pseudo-Boolean (PB) Approach: If we constrain the wc and α variables to take
integer values (this suffices in many cases, as in Example 3), and use a Boolean encoding of
these values, the optimization problem formulated above can also be modeled as a pseudo-
Boolean optimization problem. Note that the literature contains several techniques to
represent bounded integer values using Boolean variables. Our tool currently implements
a fairly simple approach, in which, for example, the integer variable α is replaced by
0 · u0 + 1 · u1 + . . . + αub · uαub

, where the ui are fresh Boolean variables. We also add the
following constraint: u0 + u1 + . . . + uαub

= 1 to ensure that exactly one of the ui variables
is set to 1. Minimizing α can now be achieved by minimizing

∑αub

k=0 k · uk.

6 Adding Constraints on the Gadget Structure

Since the gadget construction problem has been formulated as one of constrained optimiz-
ation, we can easily incorporate additional constraints on the gadget. For example, when
constructing gadgets for SAT clauses into Max-2-SAT, we can enforce that the gadget contains
unit clauses, since these clauses are potentially useful when running MaxSAT solvers.

6.1 Gadget Refinement

In [2], the authors used the MaxSAT resolution rule [8] to refine gadgets and produce more
compact gadgets with smaller α. We can generalize and automate this idea by disallowing
inconsistent subsets of constraints in the gadget, that can be simplified using the MaxSAT
resolution rule, without producing new clauses outside the target family. We illustrate the
core idea through an example, for lack of space.

▶ Example 4. By applying the MaxSAT resolution rule, we can replace the constraints (w25) x1
and (w29) x1 in Example 3 with (min(w25,w29)) , (w25−min(w25,w29)) x1, and (w29−min(w25,w29)) x1.
Notice that constraints with do not need to be considered in the gadget; moreover, one of
the remaining constraints must have weight 0. Therefore, we can state that at most one of
(w25) x1 and (w29) x1 appear in the gadget. We enforce this by adding (w25 = 0 ∨ w29 = 0) to
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the set of constraints. Additionally, we can enforce that (w1) x1 ∨ x2, (w2) x1 ∨ x2, and (w29) x1
do not appear together in the gadget adding the constraint (w1 = 0 ∨ w2 = 0 ∨ w29 = 0).

6.2 Incremental Gadgets
For gadgets that depend on an arity parameter, such as the arity of SAT clauses, we
can consider building a gadget incrementally by adding appropriate constraints. This is
particularly useful in practice when looking for patterns in gadgets of small arity that can
potentially be generalized to obtain gadgets of larger arity. For example, suppose we want to
build a gadget for a clause of arity k. We can first compute a gadget for a clause of arity
k − 1. Then, we can enforce that a certain percentage of constraints appearing (resp. not
appearing) in the gadget for arity k − 1 also appear (resp. do not appear) in the gadget
for arity k. A solution of the optimization problem with such added constraints provides a
candidate gadget for generalization to higher arities.

7 Verifying Gadgets

In addition to generating gadgets, GadgetoCompiler also provides methods to verify whether
a weighted constraint problem corresponds to an (α, β)-gadget for a given input constraint.

The first method (show_assignment_values in the tool) performs an exhaustive enu-
meration and checks that all interpretations of X ∪ B satisfy constraints a.1, a.2, b.1, and
b.2 of the gadget. Owing to its significant complexity, this method should only be used
for small problem instances. The second method (function verify)1 proceeds as follows.
To verify constraints a.1 and a.2, we can avoid expanding universal variables by checking
whether negations of a.1 and a.2 (involving only existentially quantified variables) are both
satisfiable. If not, then the gadget satisfies constraints a.1 and a.2; otherwise, the gadget
is invalid. To verify constraints b.1 and b.2, we need to reason about universal quantified
variables, regardless of whether we negate the constraints or not. In general, to handle
universal quantifiers, we can either use a formalism (and solver) that supports them directly,
or expand the universal quantifier explicitly. We can also restrict our analysis to a sample
of the universal interpretations. While this approach is incomplete, it can be useful during
the early stages of gadget development, or as part of a meta-algorithm that guarantees
completeness.

In GadgetoCompiler, we sample the universal variables using Covering Arrays (CAs) of
strength t [9]. A CA(N, t, S) is a set of N test cases for a set S of variables such that all
t-tuples (partial interpretations of length t) are covered in at least one test case. In our
context, N is the number of interpretations of quantified Boolean variables that we sample,
and S is the set of universally quantified Boolean variables. If constraint b.1 or b.2 evaluates
to false with such a sample, the gadget is invalid. Otherwise, we extend the sample by
increasing t, or by generating a new sample of strength t that does not contain any of the
previous samples (using Covering Arrays with Constraints [3, 4]).

8 Experimental Analysis

Preliminary versions of the GadgetoCompiler tool have been used in some earlier works
(computing gadgets from SAT to Max-2-SAT [1], and from SAT to XOR2SAT [2, 13]).

1 CA tool incorporation not fully automated yet. Ready at rebuttal.
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Here, we present additional experimental analysis using the release version of the tool. Our
execution environment consists of a cluster with nodes having two AMD 7402 processors,
each with 24 cores at 2.8 GHz and 21 GB of RAM per core.

We used Gurobi version 12.0.0. Based on our preliminary experimentation, we used the
encoding that fully expands the (a) and (b) constraints, as explained in Section 5. Moreover,
we found that running Gurobi using more than one thread does not significantly improve the
results. Instead, we found that setting different random seeds had more beneficial impact.
Therefore, we ran a parallel portfolio with 10 seeds. We set a time limit of 24 hours (’-’ in
tables) and memory limit of 20GB per seed.

Method k = 3 k = 4 k = 5 k = 6 k = 7
[1] 0.1s 5s 1200s - -
GadgetoCompiler (GB) 0.1s 0.9s 6s 334s -

Table 1 Run-time comparison: GadgetoCompiler vs [1]

We first compare our approach
with [1], which computes optimal
gadgets from k-SAT to Max-2-SAT
minimizing α. Table 1 shows these

results. For each k, we set |B| = k − 2 and αub = 2.5(k − 2) + 1, as described in [1]. It is
clear from Table 1 that GadgetoCompiler improves the results obtained in [1].

For the next experiments, we set the gadget weights to be integers. For each k, we set |B| =
k − 2 and αub = 3(k − 2) + 2, as described in [1]. With this setup, we considered the following
use cases that a gadget developer may explore: MIP-Gurobi, GadgetoCompiler using Gurobi;
PB-RoundingSAT, GadgetoCompiler using the PB solver RoundingSAT [5]; MIP-OR-
Tools, GadgetoCompiler using the ORtools solver; Refined, GadgetoCompiler using Gurobi
with refinement constraints as explained in Section 6.1; Incremental, GadgetoCompiler using
Gurobi with an incremental strategy, as described in Section 6.2, keeping 90% of constraints
that appear in the gadget for preceding arity, and enforcing that 100% of constraints that do
not appear in the gadget for the preceding arity remain absent; Units, GadgetoCompiler
using Gurobi while forcing unit clauses on the input variables, as described in Section 6; and
Units and β − α, which minimizes β − α while forcing unit clauses on the input variables.

Method k = 3 k = 4 k = 5 k = 6 k = 7
α 4 6 9 11 -
β 5 7 11 13 -
MIP-Gurobi 0.1s 0.6s 18s 6521s -
PB-RoundingSAT 0.12s 21s - - -
MIP-OR-Tools 0.7s 188s - - -
Refined 0.1s 0.7s 81s 2181s -
α (Incremental) 4 7 10 13 15
β (Incremental) 5 8 12 16 28
Incremental 0.1s 0.1s 6s 1491s 45317s
α (Units) 5 8 11 14 17
β (Units) 7 11 15 19 23
Units 0.1 0.5 5s 1166s -
Units and β − α 0.1s 0.2s 4s 50s 21663s

Table 2 Runtimes for different gadget computations.

Table 2 shows the runtimes for all these
cases. We separate the last two cases
(Incremental and Units) because forcing
units does not yield optimal gadgets, al-
though they can still be useful in prac-
tice depending on the target application.
Overall, we notice that MIP-Gurobi
is the best basic solving approach. We
also see that Refined scales a bit better.
Finally, although we do not get optimal
α’s both Incremental and Units allow
us to generate a gadget for k = 7.

9 Conclusions

We have presented a versatile tool for generating and analyzing weighted constraint gadgets.
The tool has been successfully applied in previous works [1, 2, 13] to produce preliminary
gadgets, inspiring generalizations for input constraints of any arity. Its flexibility allows
the combination of different constraint functions in the weighted problem generated by the
gadget and enables its use as a component in meta-algorithms for constructing more complex
gadgets. These capabilities make it a valuable resource for both practical gadget design and
further research in constraint optimization.
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