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Abstract
In this paper, we introduce elements for MoSCO, a framework for building hybrid metaheuristic-based
solvers from a collection of reusable base components. The framework is implemented in Julia
and provides a modular architecture for composing solvers through a pipeline-based approach.
The modular design of MoSCO supports the creation of reusable components and adaptable solver
strategies for various Constraint Satisfaction Problems (CSPs) and Constraint Optimization Problems
(COPs). We validate MoSCO’s utility through practical examples, demonstrating its effectiveness in
reconstructing established metaheuristics and enabling the creation of novel solver configurations.
This work lays the foundation for future developments in automated solver construction and
parameter optimization.
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1 Introduction

Metaheuristics are a class of problem-independent algorithms known for their ability to
efficiently find approximate solutions to hard combinatorial optimization problems, e.g.
traveling salesman problem (TSP) [1], quadratic assignment problem (QAP) [8] and vehicle
routing problem (VRP) [23]. Metaheuristics are search techniques that navigate the search
space adeptly, often producing near-optimal solutions to problems that are otherwise intract-
able. Despite their success, developing and fine-tuning metaheuristic solvers is a challenging
problem in itself, with difficulties in guiding the stochastic process and the high sensitivity
to parameter changes which impact intensification and diversification of the search process.
Designing and implementing effective metaheuristic solvers requires domain expertise and
much trial-and-error, making the whole process time-consuming and burdensome [3, 22].
Frequently, a particular metaheuristic will be well suited to a particular problem or problem
instance, but poorly so for other problems or even just instances. This situation led to the
development of hybrid metaheuristics, which combine multiple approaches in order to more
efficiently solve a wider class of problems and instances [18].
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We take a step back and propose a modular framework in which to construct hybrid
metaheuristic-based solvers called MoSCO. The goal is mainly to allow for an abstracted
description of the structure of a hybrid metaheuristic solver, which is used to synthesize a
functioning problem-specific solver, by combining parts of existing solvers which are connected
in a network which conducts the process of deriving a stream of solutions for the original
problem, meaning to reach the optimum.

We validate the proposed architecture through a Julia-based implementation, showcasing
MoSCO’s potential to reconstruct well-known reference metaheuristics by applying it to a
well-known problem domain.

The remainder of this paper is structured as follows: in section 2 we discuss previous
approaches to the problem of describing metaheuristic solvers and proceed, in section 3,
to introduce the general architecture of MoSCO. Section 4 is used to describe a textual
representation for the language and provide examples. In section 5, we outline the structure
of our prototype developed in Julia and finally, in section 7 we assess our work and set
possible lines for future developments.

2 Related Work

2.1 Parallel-Oriented Solver Language (POSL)
Reyes-Amaro et al. [21] proposed the Parallel-Oriented Solver Language (POSL), a framework
for building interconnected meta-heuristic based solvers that work in parallel. POSL focuses
on sharing not only information but also behaviors among solvers, allowing for solver
modifications during runtime. While POSL shares similarities with our proposed solver
architecture, our work emphasizes the use of a Domain Specific Language (DSL) and
incorporates meta-learning algorithms for optimizing solver parameters and architecture.

2.2 ParadisEO
Cahon et al. [7] introduced ParadisEO, a white-box object-oriented software framework
dedicated to the flexible design of metaheuristic algorithms for combinatorial optimization.
ParadisEO provides a broad range of metaheuristic components and encourages code re-
usability, allowing users to design their own solvers by assembling and customizing existing
components. Our proposed architecture shares the idea of modularity and code reusability
with ParadisEO but also emphasizes the use of a DSL to connect components and incorporates
meta-learning algorithms for optimization.

2.3 jMetal
Durillo and Nebro [10] developed jMetal, a Java-based framework for multi-objective optim-
ization with metaheuristics. jMetal provides a rich set of components and tools for designing,
experimenting with, and benchmarking metaheuristic algorithms. While jMetal focuses on
multi-objective optimization, our proposed architecture is designed for general combinatorial
optimization problems and emphasizes the use of a DSL and meta-learning algorithms for
optimizing solver parameters and architecture.

In summary, several approaches have been proposed to facilitate the development of
metaheuristic-based solvers for combinatorial optimization problems. Our proposed modular
solver architecture builds upon existing work by providing a problem-independent architecture
design, incorporating a Domain Specific Language for connecting components, with plans
to incorporate meta-learning algorithms to automatically optimize solver parameters and
architecture.
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3 Modular Solver Architecture

Here, we provide a detailed description of the various elements that make up the proposed
architecture. Figure 1 shows the input/output and parameters of the operator, which forms
the basic building block of our architecture.

3.1 Configuration Streams
Within the solver, the processing of solution candidates follows defined pathways, formally
represented as a directed graph G = (V, E), where V is the set of operators and E represents
the connections between them, which we call Configuration Streams. Each edge e ∈ E

corresponds to a Configuration Stream that transmits configurations (solution candidates)
from one operator to another.

▶ Definition 1. A Configuration Stream S is a communication channel between operators
that manages the transmission of configurations, defined as:

S : Osource → Odestination (1)

where Osource and Odestination are operators, and S transmits a set of configurations C =
{c1, c2, . . . , cn}, where each ci ∈ Ω represents a potential solution within the solution space Ω.

When |C| = 1, the stream transmits exactly one configuration at a time. Typically used in
trajectory-based metaheuristics such as Simulated Annealing [15] or Tabu Search [11].
When |C| > 1, the stream manages a set of configurations sequentially. This supports
population-based metaheuristics like Genetic Algorithms [12] or Particle Swarm Optimiz-
ation [14], where multiple solution candidates evolve concurrently.

3.2 Operators
Operators are the functional components that transform configurations as they flow through
the solver pipeline. Each operator implements a specific algorithmic behavior that forms
part of the overall search process.

▶ Definition 2. An operator O is a transformation function defined as:

O : IO → OO

Where:
IO represents the specific “input domain” for operator O. This domain could be drawn
from various sets depending on the operator, including the problem specification space Θ
(for the init operator), the solver representation space S (for the gen operator specifically),
the configuration space A, the power set P(A), or Cartesian products like A × A.
OO represents the specific “output range” for operator O, typically being A, or P(A),
and S for the init operator.
A represents the “set of possible configurations” (i.e., the type of a single solution
candidate) within the solution space Ω.

Operators manipulate configurations, often taking elements of type A or sets P(A) as the
input and/or producing them as output.

Next, we present the core operators within the architecture:

SLATE 2025
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operator

params
IO OO

Figure 1 Graphical representation of an operator with input IO, output OO, and configurable
parameters.

Init: Responsible for setting up the problem domain, encoding the CSP model into a solver-
compatible representation (which is then used by other components to generate and
evaluate solution candidates), and defining the search space and the domain of the decision
variables, the objective function, constraints, and other relevant information (meta-data).
Formally, the Init operator can be defined as:

OInit : Θ → S (2)

It encodes the problem instance Θ into a solver-compatible representation S, which
includes definitions for V (Variables), D (Domains), f : A → R (objective function), and
the set of constraints C that implicitly define the solution space Ω. The Init operator can
be parameterized with r (random) or h (heuristic) initialization strategies (illustrated in
Figure 2).

CSP Init
Θ S

Figure 2 The Init operator transforms a problem instance into a solver-compatible representation.

Generate: Responsible for instantiating the initial set of solution candidates within the
defined search space. This operator transforms the abstract problem definition into
concrete configuration instances that serve as the starting point for the optimization
process. Formally, the generate operator can be defined as:

OGenerate : S → P(A) (3)

Where P(A) denotes the set of configurations, allowing for the generation of either a
singleton set (single configuration) or a population of configurations (multiple candidates).
The operator’s behavior can be parameterized with:

n = |P(A)|: number of generated configurations.
σ: initialization strategy.

σr: Random, assigns values to decision variables according to a uniform probability
distribution over their respective domains.
σh: Heuristic, employs problem-specific knowledge to generate configurations with
potentially higher initial quality.

▶ Note. The parameter n doesn’t determine whether the subsequent search process follows a
trajectory-based or a population-based approach (this is determined by the compilator, which
we’ll describe in section 4.2). It only determines the number of configurations to generate.

Neighbourhood: Performs moves in the search space to generate neighboring solutions. It
supports various move types including swap, shift, block moves or any other move that
can be defined for the problem at hand.
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Generate

params: σ, n

S P(A)

Problem definition
Search space

Variable domains

Initial solution
candidates

|P(A)| = n

Figure 3 The Generate operator creates initial solution candidates from the problem representa-
tion.

A Neighbourhood operator, defined as: ONeighbourhood : A × M → P(A)
is a function that, given a configuration c ∈ A and a move type m ∈ M, computes the
corresponding set of neighbours, denoted by N(c, m) ∈ P(A).
Where N(c, m) is the set of neighbours of configuration c generated using move type
m ∈ M = {swap, insert, delete, replace, · · · }. The specific neighbours generated depend
on the implementation associated with the move type m.

When a stream delivers a set of configurations C = {c1, c2, . . . , ck} to this operator,
the intended architectural behavior is that the operator is implicitly applied to each
configuration in the set. This would conceptually produce a collection of neighbour sets
{N(c1, m), N(c2, m), . . . , N(ck, m)}.

Neighbourhood

params: m ∈ M

c ∈ A P(A)

Current
configuration

Set of neighboring
configurations

Figure 4 The Neighbourhood operator generates a set of configurations in the vicinity of the
current solution.

Accept: This operator determines whether to accept or reject a candidate configuration
ccandidate based on the current configuration ccurrent and a chosen acceptance criterion a.
Formally, it is a function OAccept : A × A × Q → A defined as:

OAccept(ccurrent, ccandidate, a) =
{

ccandidate if criterion a evaluates to true
ccurrent otherwise

(4)

where a ∈ Q represents the selected acceptance criterion from a set of possible strategies.
The acceptance criteria in Q include (but not limited to):
Always: The candidate is always accepted: aalways(ccurrent, ccandidate) = true.
Improvement: Accepted only if it improves the current solution:

aimprov(ccurrent, ccandidate) = f(ccandidate) < f(ccurrent).

SLATE 2025
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Probabilistic: Acceptance with a fixed probability p: Let u ∼ Uniform(0, 1), then
aprobability(ccurrent, ccandidate, p) = u < p.

Temperature-based (Simulated Annealing): Accepts improving solutions, or worsen-
ing ones with a probability dependent on a temperature parameter T . Let ∆f =
f(ccandidate) − f(ccurrent): atemperature(ccurrent, ccandidate, T ) = (∆f < 0) ∨ (u <

exp(− ∆f
T ))

▶ Note.
The described acceptance criteria assume a minimization problem where lower objective
function values are preferred.
Selection strategies like those used in Tabu Search, which involve evaluating multiple non-
forbidden neighbors and selecting the best, are typically implemented in this framework
through a sequence of operators (e.g., Neighbourhood, filtering based on the Tabu list,
and selection using a dedicated operator or a MUX connector configured with a ’best’
strategy) rather than as a single criterion within the Accept operator.

Accept

params: a ∈ Q

(ccurrent, ccandidate) cselected

Figure 5 The Accept operator decides whether to accept a candidate solution based on the
defined strategy.

Loop: This operator repeats the execution of an internal operator or sequence of operators
until a specific termination condition is met.
Formally, it is represented as OLoop : (A → A) × T × A → A.
Where c(0) = cinitial, and c(i) = Op(c(i−1)) for i ≥ 1.
The loop terminates after k iterations, where k is the smallest index for which the
termination condition τ ∈ T is true (the condition’s evaluation may depend on the
current iteration k, the current configuration c(k), elapsed time, solution history, etc.).
The output of the Loop operator is the final configuration cfinal = c(k).
The termination conditions τ supported are: iteration count (i.e. stopping after a fixed
number of iterations (imax)), exceeding a specific time limit (tmax), convergence (reaching
a point where the solution quality has not significantly improved over a certain period,
defined by a threshold ϵ), or achieving a desired target objective function value (ftarget).

▶ Note. Unlike operators that perform a direct transformation on a configuration in a single
step, the Loop operator acts as a “control-flow construct”, it manages the iterative execution
process and maintains states related to termination conditions (e.g., iteration count, solution
history).

3.3 Connectors
The connectors are the links between components that allow for a custom flow of data within
the solver. They can be used to merge or split configuration streams (enabling parallelization
of the search process [16]). Just like the loop operator (although fundamentally different), the
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connectors are not operators in the traditional sense, as they are not responsible for performing
any transformation on configurations, but rather, only for controlling the execution flow
within the solver.

There are two types of connectors:

DEMUX: Split a single configuration stream into multiple streams, each of which can
be processed separately. ODEMUX : A × N × B → P(A) is a function that’s defined as:

ODEMUX(c, n, p) = {c1, c2, . . . , cn} (5)

Where:
c ∈ A is the input configuration
n ∈ N is the number of output streams
p ∈ B is a flag indicating whether the streams should be processed in parallel
ci = c for all 1 ≤ i ≤ n (the same configuration is sent to all output streams)

DEMUX

params: n, p

c

c1

c2

cn

...

Input
configuration

Multiple output
streams

Figure 6 The DEMUX connector splits a single input configuration into multiple output streams.

MUX (Multiplexer/Selector): This component acts as a selection point, merging
multiple candidate configuration streams and potentially comparing them to select a
single output configuration. Formally, it can be represented as a function:

OMUX : P(A) × N × S → A (6)

Given a set of incoming candidate configurations Ccandidates = {c′
1, c′

2, . . . , c′
n} ∈ P(A),

and a selection strategy s ∈ S, and an index i ∈ N the MUX outputs a single selected
configuration cselected ∈ Ccandidates.

Indexed Candidate (i): Select the candidate c′
i arriving from the i-th conceptual input

stream (this refers to the stream source, not an ordering within the set Ccandidates).
Predicate based selection: Select the candidate c′

i where s(c′
i) = true for 1 ≤ i ≤ n.

The set S of selection strategies includes, but is not limited to:
Best: sbest(ci) = f(ci) = min1≤j≤n f(cj) for minimization
Random: srandom(ci) = true with probability 1

n

3.4 Leashed Solvers
Leashed solvers are composite entities within the framework that encapsulate a set of
operators to act as a singular unit. Think of a leashed solver as a complete, potentially
complex, solver (i.e. a local search algorithm [13], or even another metaheuristic) that is
embedded within a larger solver architecture but operates under strict external control - it’s
kept ”on a leash” by the primary solver framework. The key aspects of this concept are:

SLATE 2025
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MUX

params: i, s

c1

c2

cn

...

cselected

Figure 7 The MUX connector merges multiple input streams into a single output configuration.

Encapsulation: A leashed solver bundles a complete metaheuristic solver, either external
or a composite of of MoSCO operators (might also include its own loops, state, and logic)
into a single reusable entity.
Externally Controlled execution: This is the crucial “leash” part. The enclosing
solver dictates when the leashed solver is executed, what input it receives (e.g., a specific
configuration to improve), and how long or under what condition it runs.
Limited autonomy & resources: It doesn’t run indefinitely or consume unbounded
resources. Its execution is typically bounded by parameters like iteration count, time
limit, or convergence criteria.
Stateful interaction: Given that the operators are stateless transformations, a leashed
solver is expected to maintain its own internal state during execution, but this state
might be reset or initialized each time it’s called by the main solver.
Dictated purpose: The primary solver uses the leashed solver strategically as a
sub-routine for a specific purpose, and not just a generic step (e.g. intensification,
diversification, neighbourhood exploration). A leashed solver acts as a stateful and
controllable ”sub-routine” within the pipeline, offering more complexity than a simple
operator, but less independence than running a completely separate solver process.

In essence, leashed solvers allow for arbitrarily complex operations to be bundled and
utilized as if they were a singular component. The driving idea is to use existing solver
strategies but cap their ability to work towards a solution (hence the “leash” analogy.)
Moreover, this design provides a mechanism for modularity and encourages the integration
of existing specialized solvers.

4 Domain Specific Language

The elements introduced in the previous sections combine to form hybrid solvers. This
may be expressed using a textual representation, which we now expound on. This section
introduces the domain-specific language (DSL) meant to describe entire solvers and their
structure, and gives a few examples.

4.1 Syntax
The DSL grammar can be formally defined as a 4-tuple G = (N, T, P, S) where:

N is the set of non-terminal symbols:

N = {Solver, Expression, Operator, Sequence, Loop, Parallel} (7)

T is the set of terminal symbols, consisting of operator names, parameters, and syntactic
delimiters:
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Operator names: init , gen , neighbourhood , accept , . . .
Syntactic delimiters: | , * , ( , ) , [ , ] , = , → , . . .

P is the set of production rules, with Solver as the start symbol:

Solver → Expression (8)
Expression → Operator | Sequence | Loop | Parallel (9)

Operator → OperatorName | OperatorName(Parameters) (10)
Sequence → Expression | Expression (11)

Loop → (Expression)* | (Expression)*(Condition) (12)
Parallel → [Expression, Expression, ...] (13)

S is the start symbol:

S = Solver (14)

For future versions, we plan to implement Conditional Processing, selecting one of multiple
paths based on a condition

Conditional → {Expression, Expression, ...} (15)

This feature will enable more dynamic solver behavior based on runtime conditions but is
not yet implemented in the current version.

Variable Binding
The DSL also supports variable binding to create more complex data flows:

solver = init | gen > current_state;
current_state > loop (
neighbourhood | accept )

Where “op > variable_name” binds the output of an operator “op” to a variable, which
can be referenced by subsequent operators. This enables feedback loops and more complex
control structures.
An alternative, more explicit syntax would be:

solver =
init > v1;
gen < v1 > v2;
loop < v2 (
neighbourhood < current > candidates;
(current, candidates) > accept > current;
)

In this notation:
Each statement ends with a semicolon.
op < v1 provides input to an operator.
op < v1 > v2 combines both input and output binding.
v1 > op > v2 is equivalent to op < v1 > v2.
Multiple inputs can be specified as a tuple: < (v1, v2) >

This notation makes the data flow more explicit and enables complex connections between
operators.

SLATE 2025
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4.2 DSL Examples
Here we illustrate how common metaheuristic algorithms can be expressed using the DSL.

Parallel Solver Branches
solver = init | gen | DEMUX | [

neighbourhood | accept(criterion=improvement),
neighbourhood(move_type=swap) | accept
] | MUX(strategy=best)

This solver creates two parallel search paths with different neighborhood and acceptance
strategies and combines results by selecting the best solution found in either branch.

Stochastic Local Search
solver = init | gen(n=1) | loop(

neighbourhood(move_type=swap) |
accept(criterion=probability, alpha=0.5)
)*(it=1000)

This representation captures the essence of Stochastic Local Search:
1. Initialize the problem.
2. Generate a single starting solution.
3. Generate a neighbouring solution using the swap move.
4. Accept the neighbour if it is better than the current solution, otherwise accept with a

certain probability (alpha).
5. repeat for 1000 iterations.

Simulated Annealing
solver = init | gen(n=1) | loop(

neighbourhood(move_type=swap) |
accept(criterion=temperature, T0=100, alpha=0.95)
)*(it=1000)

This specifies:
1. Initialize the problem.
2. Generate a single starting solution.
3. Generate a neighbouring solution using the swap move.
4. Accept the neighbour based on a temperature schedule (with intial temperature t0

and cooling factor alpha).
5. repeat for 1000 iterations.

Tabu Search
solver = init | gen(n=1) | loop(

neighbourhood(move_type=swap) |
accept(criterion=tabu)
)*(it=1000)

The structure of this solver is the same as the previous examples, with the difference that
the accept operator uses the tabu criterion, which translates to a tabu search solver.
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▶ Note. When operators do not have parameters explicitly specified, they use their
default values. In this case, the accept(criterion=tabu) operator uses a default tabu
list size of 7.

Iterated Local Search[17]
solver = init | gen(n=1) > current_best;
loop (

current_best >
perturbation_operator >
perturbed_sol;

perturbed_sol >
local_search_procedure >
new_solution;

new_solution >
accept(criterion=ils) >
current_best

) * (iterations=1000)

In this example, we used the variable binding notation, as well as a leashed
solver to encapsulate the local search procedure. perturbation_operator and
local_search_procedure are leashed solvers, created from a sequence of basic oper-
ators.

4.3 Graphical Representation
The DSL can be visually represented as a directed graph GV = (V, E, λ) where:

V represents the set of nodes corresponding to operators and connectors
E ⊆ V × V represents the set of directed edges corresponding to configuration streams
λ : V → Ω is a labeling function that maps nodes to their operational semantics

The mapping between DSL constructs and graphical elements follows the principles
expressed in Table 1.

Table 1 Mapping between DSL constructs and their graphical representations.

DSL Construct Graph Representation
Operator (Op) Node with label Op
Sequence (Op1 | Op2) Directed edge from Op1 to Op2
Loop ((Expr)*) Directed edge from Expr to Loop
Parallel ([Expr1, Expr2, ...]) DEMUX node with multiple outgoing edges,

followed by parallel paths, ending with MUX node

The simplest solver follows a linear pipeline from initialization to solution output, as
shown in figure 8.

CSP Init Generate Neighbourhood Accept NOP SOLUTION

Figure 8 Simple sequential solver.

SLATE 2025
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CSP Init Generate Loop

Neighbourhood Accept

SOLUTION

Figure 9 A simple iterative solver using the Loop operator representation.

CSP Init Generate DEMUX

Leashed Solver

Leashed Solver

MUX SOLUTION

Figure 10 Simple solver with parallel processing paths using leashed solvers.

The graphical representation provides an intuitive visualization of flow of configurations
and execution within the solver, making it easier to understand complex solver architectures.
This complements the textual DSL by providing a clear mapping between syntactic constructs
and their semantic interpretation in terms of computation and data flow. Figures 8, 9, and
10 provide examples of different solver configurations using the graphical notation.

5 Prototype Implementation

To validate the design choices made in the previous sections, we are currently working on a
prototype, which should serve as a testbed for experimenting with the DSL, the composition
of operators, and the overall workflow for constructing hybrid metaheuristic solvers.

The prototype is being implemented in Julia, chosen for its high performance for scientific
computing and its metaprogramming capabilities, which are advantageous for implementing
the DSL and the solver components efficiently. The overall implementation is composed of
the following key modules:
1. DSL Parser: The module responsible for parsing solver descriptions written in the DSL.

It transforms the textual representation into an internal Abstract Syntax Tree (AST)
that represents the structure and components of the solver pipeline.

2. Solver Engine: The core execution engine interprets the AST generated by the parser.
It manages the flow of configurations through the specified sequence of operators and
connectors and executes them based on the defined pipeline structure. It handles the
instantiation of operators, the management of configuration streams, and the control
flow.

3. Modular Component Library: A library containing implementations of the core
operators (e.g., Init, Generate, Neighbourhood, Accept) and connectors (MUX, DEMUX)
described in Section 3. It should be easily extensible, to allow new operators or variations
of existing ones to be added. Each component follows the defined input/output interfaces
to ensure modularity and composability.

4. Problem Interface: An abstraction layer designed to decouple the solver engine and
components from specific problem model descriptions. It defines structures for representing
problem instances (variables, domains, constraints) and configurations.
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The interaction between these modules goes as follows: the parser reads the DSL input,
the engine uses the resulting AST to configure and run the pipeline, invoking operators from
the component library, which in turn operate on problem-specific data structures defined via
the problem interface. Listing 1 shows an example of how the DSL (tabu search example in
Section 4.2) is translated and parsed into Julia code, resulting in the construction of a solver
pipeline using the proposed architecture.

Listing 1 Tabu search solver pipeline in Julia.
Pipeline ([

Loop(
Pipeline ([

Neighbor ( SwapMove ()),
Accept (:tabu , Dict{Symbol ,Any }(: tabu_size => tabu_size ))

]),
max_iterations ,
0.0, # Target fitness for early stopping

)
])

While still under active development, we aim to demonstrate the expressiveness of
the framework in representing known metaheuristics and the flexibility of the proposed
architecture in creating novel hybrid solvers. Initial experiments focus on reconstructing
standard algorithms like Simulated Annealing, Tabu Search and basic parallel search strategies
to verify the interaction between the core components.

6 Experimental Results for Magic Square

We constructed five distinct solvers: Tabu Search[11], two Simulated Annealing variants,
GRASP (Greedy Randomized Adaptive Search Procedure), and a hybrid of Tabu Search
and Simulated Annealing. Each solver employed a local search strategy with appropriate
neighborhood operators, acceptance criteria, and control flow defined within the DSL.

Table 2 shows the performance of six solver configurations on the 3x3 magic square prob-
lem, including a comparison with a standard implementation from the Metaheuristics.jl
package. The column “Parameters Used” shows how the core parameters for each meta-
heuristic (such as tabu list size, SA’s initial temperature and cooling rate, or GRASP’s
greediness factor) are declaratively specified within the DSL. The results indicate that both
the moderate Simulated Annealing configuration (t0=10) and the Hybrid (TS+SA) solver
achieved a 100% success rate. The Hybrid solver was efficient, finding a solution in an
average of 301ms and 4514 iterations. The aggressive SA variant (t0=20) also performed
well with an 87% success rate, while Tabu Search proved robust, achieving a 74% success
rate. GRASP, in its current setup, found solutions remarkably quickly in its successful
runs (averaging only 3ms and 71 iterations) but exhibited a lower overall success rate of
27%. For comparison, the Metaheuristics.jl SA solver achieved a 62% success rate. It is
notably faster, which is expected since our framework is currently developed with a focus on
features and architectural flexibility first; performance optimizations will be addressed once
the implementation is finalized.

SLATE 2025
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Table 2 Comparison of MoSCO-specified Solvers on 3x3 Magic Square (100 runs, max 50k
iterations/run).

Solver Parameters
Used

Avg Time
(ms, successful)

Avg Iterations
(successful)

Success Rate
(%)

Tabu Search tabu_list_
size=7

383 16779 74.0

Simulated Annealing (Moderate) t0=10,
cooling_
rate=0.95

397 11757 100.0

Simulated Annealing (Aggressive) t0=20,
cooling_
rate=0.95

577 17249 87.0

GRASP greediness=
0.3

3 71 27.0

Hybrid (TS+SA) tabu_list_
size=7,t0=
20,
cooling_
rate=0.95

301 4514 100.0

Metaheuristics.jl (SA) Default 119 N/A 62.0

▶ Note. The Metaheuristics.jl package uses an internal, automatic annealing schedule
that is linear with respect to the fraction of evaluations completed (T = nevals/max_evals)
unlike the classic geometric cooling schedule implemented in our SA variants. This means
its temperature and cooling rate are not directly tunable by the user, hence the ’Default’
parameter listing.

This comparative overview highlights the framework’s potential for easy and rapid
experimentation, as well as the analysis of solver designs based on their core components.

Further benchmarking will involve more complex problems, larger instances, and a wider
array of solver configurations and performance metrics to rigorously assess the framework’s
capabilities and the performance characteristics of the generated solvers.

7 Future Directions

We presented a modular architecture for constructing meta-heuristic based solvers. This
approach simplifies the process of creating high-performance solvers for different problem
domains, by providing a DSL for connecting reusable components into complete architectures.
We also presented an analysis framework that can be used to measure the performance of
the generated architectures in terms of the quality of solutions and speedups obtained. In
the future, we plan to further develop the DSL to include additional elements, such as logical
expressions and control flow constructs.

Additionally, we plan to explore the use of meta-learning algorithms to optimize both
the parameters and overall architecture of our proposed solver [5] [20] [9] [6], incorporating
techniques from the reinforcement learning world to guide the design and configuration of
solver components.

We also want to widen the range of problem domains, in order to demonstrate the solvers’
adaptability. This will involve testing the architecture on problems with varying levels of
complexity and characteristics.

tabu_list_size=7
tabu_list_size=7
t0=10, cooling_rate=0.95
t0=10, cooling_rate=0.95
t0=10, cooling_rate=0.95
t0=20, cooling_rate=0.95
t0=20, cooling_rate=0.95
t0=20, cooling_rate=0.95
greediness=0.3
greediness=0.3
tabu_list_size=7, t0=20, cooling_rate=0.95
tabu_list_size=7, t0=20, cooling_rate=0.95
tabu_list_size=7, t0=20, cooling_rate=0.95
tabu_list_size=7, t0=20, cooling_rate=0.95
tabu_list_size=7, t0=20, cooling_rate=0.95
Default
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Another line of work which we plan to develop is the design of an XCSP3 [4] or MiniZ-
inc [19] back-end, which would allow us to plug in existing complex model descriptions. A
related aspect would be the inclusion of specialized components for global constraints [2].

Overall, the proposed architecture has the potential to improve the performance of
existing optimization algorithms and generate new, high-performance solvers for a wide
range of problem domains, by simplifying the design process and incorporating meta-learning
algorithms for optimization.
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