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—— Abstract

Constraint Programming (CP) is a powerful optimization method that provides optimality guarantees,

but due to its exact nature, its scalability to large instances is often limited. To address this,
we propose a hybrid approach that combines a CP solver with heuristic methods, directly and
asynchronously exchanging solutions and objective values during runtime. The hybrid parallel
configuration yields faster convergence to good solutions across various problem domains than the
solver alone, while retaining the ability to guarantee optimality, leveraging the complementary nature
of the CP solver and heuristics. The efficiency of this approach is evaluated on three well-known
scheduling problems and three well-known routing problems. Noticeable improvements are observed
for the Flow-shop Scheduling Problem (FSSP), the Traveling Salesman Problem (TSP), and the
Vehicle Routing Problem with Time Windows (VRP-TW). Even for problems where improvements
are marginal, the portfolio of methods increases the robustness of the approach.
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1 Introduction

In previous decades, operations researchers have proposed and refined many exact and
heuristic methods to a wide variety of combinatorial problems. While exact approaches
can obtain an optimal solution if sufficient time is available, heuristic approaches focus
mainly on short runtime, providing solutions with loose or no quality guarantees. Thus,
obtaining high-quality solutions with provable guarantees within practical time limits remains
challenging for many combinatorial problems, particularly for industrial-scale instances.

Since good solution quality and short runtime demand different solution methods, the goal
is to improve the ability of an exact solution method, specifically a Constraint Programming
(CP) solver, to find good solutions quickly by cooperating with heuristics. Although techniques
like warm-starting of exact methods with heuristic solution or iterative approaches using
exact and heuristic algorithms to refine the solution are widely and successfully used, research
focusing on full real-time parallel cooperation between these algorithms is much more limited.

Thus, the aim of this work is to propose such close cooperation and to leverage the
strengths of the CP solver and heuristic algorithms to obtain the best possible solution in
any given time. While our primary aim is to accelerate the CP solver, the cooperation works
in both directions: for instance, heuristics can narrow the solver’s search space, while the
solver can in turn provide diverse solutions that help the heuristics escape local optima.

In particular, we use the OptalCP solver [53] and extend it with a communication interface
enabling direct real-time integration of heuristics into the solution process. This capability
is not available in existing exact solvers such as the state-of-the-art CP Optimizer [34],
OR-Tools [24], Gurobi [26], Gecode [20], Chuffed [10], and Choco [9]; see Section 2.2 for more
information.

Although OptalCP, as any other CP solver, is a combination of multiple algorithms, for
the purposes of this paper, we will treat it as a single black-box component. The hybrid
approach proposed in this paper combines the solver with metaheuristics and local search,
making the formulation of the CP problem and the representation of the metaheuristic
components the only problem-specific parts. By using metaheuristics and fairly generic local
search rather than problem-tailored heuristics, we aimed to reduce the effort required to
address multiple different problems at once.

The efficiency of the proposed hybrid approach is evaluated using three prominent
scheduling problems and three prominent routing problems. The results show substantial
improvements on three of the six problems, both in the quality of the solutions achieved
within a fixed time limit and in the speed with which solutions of particular quality are
obtained using the same computational resources. The hybrid approach further increases
robustness by compensating for weaknesses of either the CP solver or of the heuristics, while
providing optimality-gap guarantees.

1.1 Contribution and Qutline

The main contributions of this paper are:

1. A novel parallel and fully asynchronous hybrid approach using the OptalCP solver and
external heuristics, including the development of a communication interface that supports
real-time solution exchange, enabling active cooperation between methods.

2. A practical black-box integration framework that allows the use of external solutions
methods without modifying the OptalCP solver, making the hybrid design problem-
agnostic aside from the CP model and the heuristic representation.
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3. A broad empirical analysis across six benchmark problems, identifying and analyzing
when hybridization provides noticeable benefits (FSSP, TSP, VRP-TW) versus when the
solver alone is sufficient (JSSP, RCPSP, CVRP).

The remainder of the paper is organized as follows. Section 2 reviews the existing
literature on approaches that combine exact and heuristic methods. Section 3 describes the
proposed architecture, the communication interface and the heuristic methods used. Section 4
presents the computational evaluation, comparing the hybrid approach with the OptalCP
and CP Optimizer references. Finally, Section 5 summarizes the paper and discusses possible
future research.

2 Related Work

Although existing surveys [6, 56, 70, 17] on exact and metaheuristic hybridization mention
many approaches, most of them are either solely combinations of metaheuristics, or limit how
exact and metaheuristic algorithms cooperate. To illustrate the differences between existing
hybrid combinations, we can categorize them using the classification hierarchy proposed in
the survey paper [56] and provided in Figure 1.

Hybridization of Exact Algorithms and Metaheuristics

\
Collaborative Combinations Integrative Combinations
Sequential Execution Incorporating Exact Algorithms in Metaheuristics
Parallel or Intertwined Execution Incorporating Metaheuristics in Exact Algorithms

Figure 1 Hierarchy of hybrid combinations based on cooperation type. The underlined text
denotes the category of our hybrid approach. Adapted from [56].

At the highest level, the hierarchy distinguishes between integrative and collaborative
combinations. Integrative combinations (the right branch) are approaches in which one
algorithm is a subordinate part embedded in the other, usually solving some subproblem. An
example of this can be the heuristic estimation or the guiding of computationally expensive
steps of an exact algorithm. On the other hand, collaborative combinations (the left branch)
are approaches in which the algorithms are on the same level, meaning none are contained
in another. For sequential combinations, this means that the algorithms are executed one
after the other. A typical example of this is warm-starting, where a heuristic provides an
initial solution for the exact algorithm. However, the sequential nature largely limits how the
algorithms can interact. For parallel/intertwined combinations, this is not the case, as the
algorithms are executed side by side and are able to exchange and utilize the information
produced by others throughout the solving runtime.

Thus, the related work is organized into two subsections. Subsection 2.1 reviews collab-
orative sequential and integrative combinations. Since these are not closely related to our
approach, we restrict the discussion to works that involve CP, allowing for a comparison
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to our approach in terms of functionality. Subsection 2.2 then examines collaborative par-
allel combinations (underlined in Figure 1), which constitute our main focus, as they are
particularly relevant to our approach.

2.1 Sequential and Integrative Combinations Using CP

A very popular sequential approach to hybridizing CP with heuristics is the aforementioned
warm-starting. The authors of [31] propose an example of CP warm-starting, providing
the best of multiple heuristic solutions as the initial solution used by the CP solver for the
problem of parallel machine scheduling. The results demonstrate that the solver is noticeably
accelerated and is able to reach much better solutions in the same time limit.

However, CP can also be used as the method providing the warm-start. In [25], a
highly constrained periodic scheduling problem is introduced and CP is used to initialize the
local search method due to the difficulty in obtaining a feasible starting solution in such a
constrained scenario.

The authors of [37] proposed a more complex variant of warm-start, called hot start. In
this case, the authors used Ant Colony Optimization (ACO) pheromone trails to first sample
feasible solutions by CP, and then the resulting pheromone matrix is used to navigate the
exhaustive search within CP in the second phase, improving its convergence. The use of
pheromone matrix in the exhaustive search provides a particular advantage over the usual
warm-start use.

A different use of sequential solution passing are sequential CP portfolios. In [49], the
authors propose something called CPHydra which is a case-based reasoning which essentially
uses the known past performance on similar cases (instances) to determine which combinations
of solvers and in what order they should be executed. A nice extensive empirical study on
the portfolio performances of various existing solvers is provided by [3]. A related sequential
strategy is proposed in [2] for the multimode Resource-Constrained Project Scheduling
Problem, where the CP and LNS algorithms are alternated and an additional perturbation
step is applied whenever no improvement is found. The approach demonstrates improved
lower bounds on established benchmark instances.

Moreover, CP and heuristics can also be combined integratively within a single algorithmic
framework. One such approach combining ACO and CP is proposed in [45]. ACO serves
as the main procedure, while CP is used by the individual ants as a tool to construct
solutions. Therefore, if ants use CP to find a feasible solution, the search focuses on finding
a good-quality solution among the feasible ones, and a great deal of computational effort can
be saved. In other words, CP provides a filtering mechanism, while ACO comes into focus in
the context of variable/value selection.

Another practical integrative application of CP is in problem decomposition. For example,
[62] employs CP to address a subproblem within a larger solution framework that combines
CP, MILP, and a decomposition heuristic. CP is specifically used to handle a scheduling
subproblem, leveraging its efficiency and suitability for this type of task.

The collaborative sequential combination approach most closely related to this paper is
proposed by the authors of [23]. A combination of three algorithms, Simulated Annealing
(SA), Tabu Search (TS), and Constraint Logic Programming (CLP), is used. While SA
is the main algorithm, CLP is used to exhaustively explore the search space of proposed
subproblems, and TS to prevent cycling in the same part of the solution space. However,
compared to our approach, their proposed method does not provide optimality guarantees,
as CLP is only used to exhaustively explore subproblems, and it is not parallel, since the
local search part (comprising SA and TS) operates in an alternating fashion with the CLP.
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Lastly, we mention the CP-based Large Neighborhood Search (CP-LNS). Today, it is an
integral part of CP solvers such as OptalCP [53], CP Optimizer [34], and Google OR-Tools [24].
The general idea is to use LNS to define a neighborhood around the current solution and
then apply constraint programming to search for improved solutions. This technique was
introduced in [65] and later refined in [66] and [51]. Its adaptation to single-mode scheduling
problems is described in [41]. The use of CP-LNS in OptalCP is discussed in Section 3.

2.2 Collaborative Parallel Combinations

As stated in the survey [56], the research on collaborative parallel combinations is much less
prominent compared to the other combinations. This is likely due to the need for asynchronous
communication and efficient use of the data exchanged at any step of the solution process by
all algorithms. Although such designs are more challenging to implement than collaborative
sequential or integrative approaches, they offer a key advantage: information exchange is not
restricted to predefined points in the process, nor are the algorithms bound to rigid roles
such as master and subroutine. Consequently, collaborative parallel combinations provide
greater flexibility and the potential for higher efficiency.

We start by reviewing the approaches to parallelism in CP, in particular portfolio-based
methods. Although these works do not combine the exact solver with external heuristics and
offer limited or no collaboration between algorithms, they are relevant due to their use of
CP algorithms in parallel settings. An extensive experimental comparison of portfolio-based
approaches and search-space splitting is presented in [7]. The results demonstrate that
even independent workers without runtime information exchange can achieve substantial
performance gains.

An approach that enables runtime exchange of solution bounds within a portfolio of
existing CP solvers is proposed in [4]. However, since the solvers used cannot incorporate
improved incumbents during search, exploiting new bounds requires restarting the worker,
thus losing current search state information. An approach that allows exchange of bounds
and/or learned clauses during runtime is proposed in [18], with the authors concluding
that sharing of bounds is vital for efficient parallel search. Nevertheless, this cooperation is
integrated into the solver architecture and does not provide a general black-box mechanism
for combining heterogeneous approaches. Similarly, [28] considers a portfolio of backtracking
CSP algorithms that exchange information such as supports or no-goods but only within the
internal search architecture.

We should also briefly mention other approaches to CP parallelism that focus on methods
such as splitting into subproblems [46], [58], or parallelization strategies such as restart-
based diversification [11], which are, however, conceptually different from our setting. A
comprehensive overview of parallel CP techniques can be found in [57] (Chapter 9) and [29].
In summary, while some CP portfolio architectures support exchanging bounds, no-goods, or
other partial information, there is no general black-box CP framework that allows real-time
asynchronous injection of complete solutions from external sources into an independently
running CP solver without restart or solver modification.

Beyond CP-specific approaches, several general collaborative optimization frameworks
have also been proposed. In [71], the authors propose a collaborative parallel combination
called A-Teams. A-Teams is a combination of independent agents that solve the same
problem and exchange data, e.g., solutions, through shared memory. While it does not
enforce the use of specific algorithms, two types of algorithms are defined; constructive,
providing new solutions, and destructive, removing unfit solutions from the consideration
of other algorithms. This framework was, for example, applied by the authors of [5] to the
job-shop scheduling problem, demonstrating its practical use.
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Table 1 Comparison of existing approaches to ours. !A-Teams rely on shared-memory commu-
nication. 2The BnB+TS cooperation depends on method-specific internals.

Approach (i) Async (ii) Exact (iii) Black-box (iv) General
A-Teams [71] Yes No Yes' No
TECHS [16] No Yes No No
BnB+TS [33] Yes Yes No® No
This paper Yes Yes Yes Yes

Another parallel combination called TECHS was proposed by the authors of [16]. TECHS
is also a multi-agent-based approach where agents exchange information to enhance their
search. However, unlike A-Teams, where solutions are continuously exchanged, TECHS
employs a structured approach in which agents periodically stop their search to exchange
filtered information. The information flow is regulated by referees who decide which solutions
should be shared. TECHS application is demonstrated in the same paper, using the
combination of Branch-and-Bound (BnB) and Genetic Algorithm to solve the job-shop
scheduling problem.

An approach that specifically combines an exact algorithm with multiple metaheuristics
workers was proposed in [33]. Specifically, the authors used a BnB algorithm combined
with Tabu Search (TS). The BnB uses solutions provided by TS workers to cut suboptimal
branches, and if any TS worker gets stuck, it generates a new initial solution that lies in
the unexplored space of the BnB. The results show that the hybrid variant is much more
performant than using the algorithms separately.

To clearly distinguish the most relevant parallel approaches in the literature from the
one proposed in this paper, we present Table 1. Papers focusing solely on CP-based parallel
methods, such as CP portfolios, are omitted from the table because our focus is on combining
exact and heuristic approaches, and these methods do not support cooperation with other
external algorithms. As can be seen in the table, our approach unifies all previously separated
aspects in one: (i) fully asynchronous all-to-all communication, (ii) the ability to prove
optimality, (iii) black-box integration of external user-designed solution methods to existing
OptalCP solver, and (iv) the use of a general-purpose exact approach. To the best of our
knowledge, no prior work has proposed and empirically validated the efficiency of such
combination of general-purpose exact approach and (meta)heuristics that meets all the
specified criteria.

Lastly, we discuss the limitations of existing exact solvers, to further demonstrate the
novelty of our approach. In Section 1, we mentioned CP Optimizer [34], Gurobi [26], OR-
Tools [24], Gecode [20], Chuffed [10], and Choco [9]; not all are (purely) CP solvers. While
these solvers allow the user to provide a hint (initial solution) before starting the search,
real-time parallel cooperation using an externally provided solution is limited or not possible
at all. CP Optimizer offers callbacks (the ability to react to events that occur during the
search, such as a newly found solution), but they are essentially observational and do not
allow modification of the ongoing search or injection of new incumbents. Gurobi allows
externally generated solutions to be submitted during runtime, but only at specific callback
points and the processing of the solution can be delayed, so solutions cannot be injected and
used at arbitrary times. Although OR-Tools, Gecode, Chuffed, and Choco are open source,
they do not provide an existing documented mechanism for injecting new solutions once the
search has started. Consequently, in most solvers, providing an externally generated solution
that improves the current incumbent requires restarting the search, which results in the loss
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of part or all of the accumulated internal knowledge. To the best of our knowledge, this
makes our approach the first that enables real-time asynchronous cooperation between a
general-purpose exact solver and external algorithms without any practical limitations.

3  Hybrid Architecture and Heuristic Components

The hybrid approach proposed in this paper is made up of two main parts. The first part is
the OptalCP CP solver that contains two search algorithms: Failure-Directed Search (FDS)
[73, 30] and Large Neighborhood Search (LNS), similar to the one proposed in [41] (also
referred to as CP-LNS in the previous section). The second part is the heuristic portfolio
that consists of all (meta)heuristics used. Note that the descriptions of specific heuristics
used provided in Section 3.2 and Section 3.3 remain high-level, as they can be replaced
by arbitrary different ones. The instances of particular heuristics or internal solver search
algorithms are called workers; the types of particular OptalCP workers are controlled by
the SearchType parameter. The heuristic workers and the solver’s manager, called Master,
asynchronously exchange newly found solutions through the Node.js interface. A high-level
illustration of the hybrid approach is presented in Figure 2.

OptalCP Heuristic portfolio
A A

FDS; k— LINS;

FDS; —| & —{ LINS,

I9)SBIA]

TISNIOAA TOISTAINO
*IOIOAA TOT)SIINOH
1 193[I0AA Forgstano g

FDS,, — —ILNS,,

Node.js

Figure 2 The structure of the hybrid approach.

3.1 Communication Interface

The critical part of the proposed approach is the fast and asynchronous exchange of solutions
between various algorithms. The solver and external heuristics run as separate processes,
orchestrated by a lightweight Node.js application that forwards solutions between them
through newline-delimited JSON messages over standard input and output. This design is
language-agnostic, meaning that any programming language can serve as a heuristic, as long
as it can read and write the simple JSON solution format. Our experiments use the Node.js
API, but OptalCP also provides a Python API with equivalent functionality. The heuristics
themselves are written in C++.

The OptalCP API provides a callback-based interface that allows the user to register
a function invoked each time the solver finds a new solution. The user can also call
Solver.sendSolution to asynchronously deliver an external solution to the solver during
the search. Figure 3 shows a usage example: the JavaScript glue code (i.e., the user-written
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code that connects OptalCP with an external heuristic). Thanks to the API design, the
code is minimal: it only translates solutions between the two formats and forwards them.
Other tasks such as solution verification, distribution to workers, and search space pruning
are handled internally by the solver. A complete demo is available on GitHub [52].

import * as CP from ’@scheduleopt/optalcp’

let solver = new CP.Solver;

let heuristic = spawn(...); // Start heuristic subprocess

solver.onSolution = (event) => { // When solver finds a solution
heuristic.stdin.write(toHeuristicFormat (event.solution));

I3

heuristic.stdout.on(’data’, (data) => { // When heuristic finds one
solver.sendSolution (fromHeuristicFormat (data));

B;

await solver.solve(model, parameters);

Figure 3 Communication between OptalCP and an external heuristic. Functions
toHeuristicFormat and fromHeuristicFormat translate solutions between the OptalCP and heur-
istic representations.

When an external solution arrives, it enters a dedicated reader thread that parses the
JSON message and queues it for the Master. The Master first verifies the solution against
all model constraints (controlled by the verifyExternalSolutions parameter, enabled by
default). Invalid solutions are rejected and logged, while valid solutions that do not improve
on current best are discarded. If the solution improves the best known objective, the Master
distributes it to all internal workers through lock-free queues, one per each worker. This
distribution is asynchronous, meaning that no worker is interrupted or blocked.

Each worker independently polls its queue for new solutions at the smallest possible
natural synchronization points in its algorithm. The tree search (FDS in particular) checks
for incoming solutions at every backtrack: when a better solution arrives, its objective
value tightens the pruning bound, allowing the worker to cut branches that cannot lead to
improvements. LNS checks at the beginning of each iteration: if a better solution has arrived,
it replaces the current incumbent used for destruction and repair. In both cases, external
solutions are treated identically to solutions found internally (the workers do not distinguish
between the two origins).

The latency of sendSolution (from the API call until the solver processes the solution,
including verification) is approximately 1-1.5 ms for models with up to 2500 variables, which
covers the majority of our benchmark instances and is negligible compared to typical solve
times. Heuristics should, nevertheless, filter solutions and only send ones that improve upon
previously sent values. While the solver handles duplicates gracefully, processing and verifying
redundant solutions still consume time, especially when many arrive in rapid succession.

Overall, the communication interface treats the solver as a black box from the heuristic’s
perspective. Heuristic developers do not need to understand constraint propagation, search
strategies, or solver internals; they only need to produce valid solutions in the expected
format. This makes it easy to reuse existing heuristic implementations written in any
programming language. The solver automatically manages all coordination: best solution
tracking, objective bounds, optimality gap computation, and termination when optimality is
proved. External heuristics simply send and receive solutions without needing to be aware of
each other. This enables a cascade of improvements, where a solution found by one algorithm
is improved by another, then further refined by a third, and so on.
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3.2 Metaheuristics for Scheduling Problems

Scheduling problems are a typical use case for CP, as they generally belong to the NP-hard
complexity class and have very natural CP formulations. We considered three well-known
problems: the Flow-shop Scheduling Problem (FSSP) [35], the Job-shop Scheduling Problem
(JSSP) [44], and the Resource-Constrained Project Scheduling Problem (RCPSP) [55].

For all three problems, we used the same metaheuristic algorithms: Genetic Algorithm
(GA), Large Neighborhood Search (LNS), Particle Swarm Optimization (PSO), Simulated
Annealing (SA), and Tabu Search (TS). The selection was based on popular and successful
methods from the survey study [50] studying efficient methods for one of our measured
problems, RCPSP. The implementations were mainly inspired by the following works: GA [54,
19], LNS [43, 76], PSO [36, 74], SA [39, 8], and TS [21, 64]. The core of each metaheuristic
and its components are reusable, with the core remaining the same for every scheduling
problem, while the components/operators are adjusted if required. When a new improving
solution is found by any worker, population-based methods (GA and PSO) add this new
solution as an individual to their population, while local search-based methods (SA, LNS
and TS) replace their current one.

3.3 Metaheuristics and Heuristics for Routing Problems

Routing problems are another important class of NP-hard problems. Since routing problems
are less of a typical application for CP, we used them to see how it affects the usefulness
of hybridization in comparison to scheduling problems. We considered three well-known
problems: Travelling Salesman Problem (TSP) [61], Capacitated Vehicle Routing Problem
(CVRP) [13], and Vehicle Routing Problem with Time Windows (VRP-TW) [67].

For each of the problems, we implemented two generalizable heuristics. Highly specialized
algorithms, such as LKH [32] designed specifically for TSP, were not implemented because
they would not easily generalize to other problems. For TSP, a local search with 2-OPT
perturbation [22] and a genetic algorithm with 2-OPT mutation [22] and PMX crossover [27]
were implemented. For CVRP, local search with 2-OPT, exchange and relocation perturb-
ation operators [38] and stochastic ranking genetic algorithm (SRGA) [63] with the same
operators [38], and PMX crossover [27] were implemented. For VRP-TW, the methods and
operators used were essentially the same as in CVRP, but adapted to respect the additional
time-window constraints. Since the time windows constraints are significantly different from
TSP and CVRP, we decided to also introduce a dedicated memetic algorithm [47] in this
case. This algorithm combines selection, PMX crossover, and a relocation-style mutation,
followed by an improvement phase in which the four operators (2-opt, relocate, swap, and
cross) are applied to refine offspring solutions. To clearly summarize the configurations of
all routing heuristics, we provide Table 2. Similarly to scheduling metaheuristics, a new
improving solution found by any worker is inserted into the population in case of GA (and
memetic algorithm in VRP-TW), while replacing the current solution in the local search
method.

Table 2 Routing heuristics used.

Problem Heuristic 1 Heuristic 2 Heuristic 3

TSP LS (2-OPT) GA (2-OPT mut., PMX) -

CVRP LS (2-OPT, exch., reloc.) =~ SRGA (exch., reloc., PMX) -

VRP-TW  CVRP LS (adapted) CVRP SRGA (adapted) Memetic (see text)

28:9
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4 Experimental Results

As stated in the previous sections, the aim of our hybrid method is to improve the solver’s
capabilities and to enhance overall efficiency by leveraging the complementary strengths
of both approaches. An example of this successful cooperation is shown in Figure 4. The
improved solutions obtained during the solving process for a given JSSP instance are depicted
as points, with time on the x-axis and the objective value on the y-axis; the point’s color
indicates whether the improvement was achieved by a heuristic (rectangle) or a solver (dot)
worker.

As expected, heuristic workers provide most of the fast good solutions moving the search
at the start, while the solver takes the initiative later. However, heuristic still contributes in
the later stage of the search, as solver’s systematic exploration moves the search out of the
local optima providing new opportunities for improvement — as demonstrated by the heuristic
solution found at time 80. Moreover, the dashed and dotted lines, showing results obtained
with the same time limit and number of workers using only the solver or only metaheuristics,
respectively, indicate that even their combined 24 workers without solver-metaheuristics
communication would yield a worse result. This indicates that exchanging solutions between
solver and heuristics during runtime in this particular instance maximizes the use of the
complementary nature of the methods; an advantage over a non-communicating portfolio of
concurrent algorithms.

6,400 : :
6,300 - 5H-5L-2F objective -
6.200 - . Solver provided solution B

m  Heuristic provided solution
6,100 i 10L-2F best objective B
6,000 |3 12H best objective =
5,900
5,800
50070 o
5,600
5,500

5,400 | | | | |
0 20 40 60 80 100 120

Objective [-]

Figure 4 Evolution of best solution found by a hybrid configuration containing 5 heuristic workers
and 7 OptalCP ones (5H-5L-2F) on JSSP instance cscmaz_40_15_7. The dashed and dotted
horizontal lines represent solutions found in the complete 120-second time limit using 12 workers of
OptalCP (10L-2F) and 12 heuristic workers (12H), respectively.

4.1 Evaluation Methodology

Before presenting the experimental results, we clarify why we do not compare our method
with existing approaches. This is largely due to two reasons: (i) as discussed in Section 2,
there exist no closely related approaches to the one proposed in this paper, and (ii) the
objective of experiments is not to compare with state-of-the-art methods for tested problems,
but rather to evaluate the potential of the proposed hybridization.

To summarize the results obtained on the experimental datasets, we used the following
two methods. The first is the contour of the Runtime Distribution Function (RDF) [60]. The
RDF contour is a function of time (x-axis) and relative solution quality achieved by a given
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approach compared to the best solution found (y-axis). The best solution could be obtained
by any approach of the measured ones, at any time (up to the time limit), in any run (e.g.,
random seed). Because some of the measured approaches may not find a feasible solution on
all instances within a given time, we report the 90th percentile of the relative solution quality,
averaged over all seeds and instances (runs). Thus, the curve begins only once at least 90%
of the runs have found a feasible solution. In other words, the RDF contour represents an
anytime gap, but not to the optimal solution (which we often do not have), but to the best
solution objective attained.

The second method is a bar chart, in which the objectives of all instance solutions
obtained by two different approaches are compared individually. For each instance, the
relative difference between two objective values A and B is calculated as (A — B)/ max (A4, B)
and used to sort the instances to demonstrate performance differences.

For the evaluation of scheduling problems, we used 60 largest Taillard instances [69]
for FSSP, 100 randomly selected instances from standard datasets [1, 68, 69, 15, 75] for
JSSP and 100 randomly selected RG300 instances [14] for RCPSP. For routing problems,
we used TSPLIB [59] instances for TSP (with the exception of the few largest instances),
Test Set A of CVRP Lib [72] for CVRP, and Solomon test set [67] instances with 100
customers for VRP-TW. Each instance was executed with three different random seeds for
every configuration using a 120-second time limit. The official OptalCP repository containing
all the benchmarks used is available at [52].

For every problem, three different configurations were tested, each using 12 threads to
provide a fair comparison: (i) OptalCP with 10 LNS and 2 FDS threads (10L-2F), (ii) hybrid
approach combining one thread for each implemented (meta)heuristic with 2 FDS threads and
the remaining threads allocated to LNS (5H-5L-2F for scheduling and 2H-8L-2F /3H-7L-2F for

routing), and (iii) CP Optimizer solver with default configuration using 12 threads (12CPO).

CP Optimizer was selected as a benchmark reference because it is a state-of-the-art CP
solver, especially effective in scheduling problems [42, 40, 48, 12], where it is often able to
keep up with heuristics even in short time limits. In Table 3, we provide a brief overview of
the OptalCP hybrid configurations and the datasets used.

Table 3 OptalCP hybrid configurations and respective datasets used for each problem.

Problem Config. Instances Selection Source

FSSP 5H-5L-2F 60 largest Taillard [69]

JSSP 5H-5L-2F 100 random Mixed [1, 68, 69, 15, 75]
RCPSP 5H-5L-2F 100 random RG300 [14]

TSP 2H-8L-2F 84 excl. largest TSPLIB [59]

CVRP 2H-8L-2F 27 all CVRP Lib Set A [72]
VRP-TW 3H-7TL-2F 56 100-customer Solomon [67]

All experiments were run on a server with a Ryzen 7700X processor and 64GB of RAM.
The results of scheduling problems are shown in Figure 5 and of routing problems in Figure 6.

The left column represents a comparison of OptalCP, hybrid approach, and CP Optimizer;
the right column represents a per-instance comparison of hybrid approach and OptalCP. The

model formulations of the problems considered by OptalCP and CPOptimizer were the same.
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Figure 5 Left column: Contour plots comparing configurations 12CPO, 10L-2F, and 5H-5L-2F.
Right column: Relative performance per instance; positive values indicates better performance of
5H-5L-2F (OptalCP with heuristics) and negative values better performance of 10L-2F (OptalCP
only) configuration. All measurements done in 120-second time limit.
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Figure 6 Left column: Contour plots comparing configurations 12CPO, 10L-2F, and 2H-8L-2F /3H-
7L-2F. Right column: Relative performance per instance; positive values indicates better performance
of 2H-8L-2F /3H-7L-2F (OptalCP with heuristics) and negative values better performance of 10L-2F
(OptalCP only) configuration. Please note that in VRP-TW contour, there is differently scaled
y-axis. All measurements done in 120-second time limit.
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4.2 Results Discussion

The most favorable results were obtained for the FSSP, TSP and VRP-TW problems, with
average improvements per instance of 3%, 6% and 11%, respectively. Moreover, the contour
plots for these problems show that good solutions were generally found very early by the
hybrid approach, yielding even larger relative gains in shorter time limits. The bar charts
further indicate that almost all instances benefited from the hybridization (teal positive-value
instances), with just a few TSP instances measurably worsening. For the other scheduling
problems (JSSP and RCPSP), the hybrid configuration performed slightly better on average,
while no improvement was achieved in CVRP. When considering all six problems, the hybrid
approach solved 60% of the instances better while only 10% worse than the OptalCP solver.

We attribute the results in JSSP, RCPSP, and CVRP to the fact that the solver alone
already demonstrates strong performance in them, especially in JSSP and RCPSP. This is
evidenced by (i) the fact that OptalCP solver outperforms the state-of-the-art CP Optimizer
in all problems except FSSP and (ii) a recent paper [30], where OptalCP achieves new
state-of-the-art lower bounds on hundreds of JSSP and RCPSP standard instances while
closing a few of them in just a 900-second time limit. Furthermore, the heuristics used for
all problems were initially developed and fine-tuned for FSSP and TSP respectively, which
likely explains their stronger performance there. For VRP-TW, we included an additional
problem-specific memetic algorithm, which turned out to be the most effective among the
heuristics used for VRP-TW and explains the fast convergence seen in its contour plot.
Consequently, the limited gains in JSSP, RCPSP, and CVRP problems are an expected
outcome: when the solver is already strong on a given problem, hybridization requires equally
strong, problem-aware heuristics, to contribute more meaningfully.

Lastly, even in cases where average improvements are modest or absent, hybridization
still contributes to overall robustness. For example, in three TSP instances, the solver
alone failed to even construct a feasible solution within the 120-second time limit, while the
availability of heuristic solutions enabled the solving process to proceed. On the other hand,
heuristic solutions are frequently improved by the solver later in the solving process, with
the heuristic still contributing new solutions due to the search space guidance of the CP
solver; as illustrated in Figure 4.

5 Conclusion and Outlook

This paper presents a novel hybrid approach that combines Constraint Programming (CP)
with a portfolio of (meta)heuristic algorithms cooperating in an asynchronous parallel manner.
A general framework and communication interface are proposed that allow information
exchange between the CP solver OptalCP and external solution methods. Several established
metaheuristics from the literature are implemented and used in the hybrid approach.

Extensive experiments demonstrate noticeable improvements in three of the six well-known
scheduling and routing problems compared to the solver alone, improving solution quality
and convergence speed while using the same computational resources. The experiments also
demonstrate a strong overall performance of OptalCP by comparing it with the state-of-
the-art CP solver CP Optimizer, explaining weaker results in the remaining three problems
and showing that sufficiently powerful heuristics are required to contribute meaningfully in
problems where the solver already performs well. The hybrid approach also provides implicit
robustness against adversarial instances for any given particular algorithm, demonstrated in
a few instances where the solver alone failed to produce any solution within a given time
limit. Additionally, the ability to provide optimality gaps gives our method a practical edge
because it provides quality assurances of the produced solution.
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Future work includes focusing on information exchange beyond the solution and its

objective value, adaptive online selection of heuristics, and incorporating learning-based
components to guide search decisions. We would also like to investigate the benefits of
real-time solution exchange in greater depth, particularly to determine how much of the

improvement is attributable to the exchange itself and how much stems from portfolio

diversity.
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