
        Corresponding Author: azadeh.shemshad@gmail.com 

        https://doi.org/10.48314/ceti.v3i1.8    

Licensee System Analytics. This article is an open access article distributed under the terms and conditions of the Creative 

Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0). 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1|Introduction    

Smart manufacturing does not create one optimization problem. It creates a web of decisions whose horizons, 

constraints, data rates, and consequences differ. A production sequence changes machine states and energy 

demand; maintenance blocks capacity; inventory commitments alter the volume and timing of transport; 

disruptions make yesterday’s feasible plan obsolete. Reviews of flexible job-shop scheduling, energy-efficient 
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Abstract 

Hybrid metaheuristics are often introduced by naming two algorithms, although an algorithm pair does not reveal 

what decisions are encoded, which component controls feasibility, when information is exchanged, or what evidence 

would justify deployment. This article develops a decision-contract perspective for hybrid optimization in smart 

manufacturing and supply chains. A hybrid is specified through five linked contracts: The decision model, component 

roles, information exchange, resource allocation, and evidential claim. This representation refines established high-

/low-level and relay/teamwork taxonomies by making the operational interface auditable. The framework is applied 

to flexible job-shop scheduling, vehicle routing, supply-chain network design, maintenance, and energy-aware 

operations. A literature synthesis shows that recent work has expanded from handcrafted hybrids toward 

matheuristics, Adaptive Large-Neighborhood Search (ALNS), automated configuration, surrogate assistance, and 

reinforcement-learning-guided search, but comparison remains fragile when feasibility rules, tuning cost, latency, or 

certificate status differ. We therefore propose a matched-budget evaluation pipeline that separates feasibility, anytime 

quality, tail latency, robustness, and bound validity, and requires component ablation. The article is a methodological 

synthesis rather than a new computational benchmark: It does not rank hybrid families. Its contribution is a falsifiable 

language for moving from algorithm names to reproducible decision mechanisms and from isolated benchmark wins 

to evidence appropriate for industrial use.  
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  job shops, and Industry 4.0 supply-chain optimization consequently report heterogeneous models rather than 

a single canonical task [1–4]. The central design question is therefore not “which metaheuristic is best?” but 

“which computational responsibilities must be combined for this decision, and under what evidence 

contract?” 

Hybrid metaheuristics combine search components, exact or approximate solvers, simulation, learning, or 

domain rules. The foundational taxonomies distinguish whether complete algorithms or internal operators 

are combined and whether they act sequentially or cooperatively [5–9]. Matheuristics sharpen another 

boundary: Mathematical-programming structure may generate neighborhoods, relaxations, decompositions, 

or subproblems inside a heuristic design [10–12]. These classifications explain composition, but industrial 

evaluation also needs the semantics of the interface: The exchanged object, its feasibility status, the trigger for 

exchange, the budget charged to each component, and the claim that the resulting evidence permits. 

This article proposes the decision contract as the unit of description. The contract has five layers: Decision 

model, component roles, exchange, resources, and evidence. The layers prevent three common category 

errors: 1) a familiar pairing such as Genetic Algorithm (GA)–local search is not a method until its 

representation, decoder, neighborhood, and acceptance logic are given, 2) adding an exact solver does not 

automatically provide a lower bound or convergence certificate, and 3) a faster search loop is not a real-time 

system unless sensing, inference, repair, communication, and actuation are included in latency. Fig. 1 gives 

the architecture. 

 

Fig. 1. The decision-contract architecture.  

 

Unlike a catalogue of algorithm families, the figure follows the information that must remain coherent from 

the industrial decision model to the evidential claim. A missing layer does not merely reduce reporting detail; 

it prevents the hybrid from being reproduced or its result from being interpreted. 

The contribution is fourfold: 1) the paper turns established hybrid taxonomies into a reproducible 

specification, 2) it synthesizes literature across manufacturing scheduling, routing, supply-chain design, 

adaptive search, and algorithm configuration without transferring performance claims between incompatible 

problems, 3) it supplies a domain-to-mechanism map and a gap analysis, and 4) it gives a matched-budget 

protocol in which feasibility precedes objective quality and every hybrid component is tested by ablation. The 

paper is a critical perspective, not a systematic review and not a report of new computational experiments; 

accordingly, it makes no universal superiority claim. 
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2|Literature and the Interface Gap 

2.1|From Metaheuristic Families to Hybrid Architecture 

Early syntheses established metaheuristics as reusable search frameworks while warning that labels conceal 

design choices [5]. Talbi classified hybrids by level and mode of cooperation [6], and Raidl’s unified view 

made the distinction between high-level combinations of complete methods and low-level integration of 

functions or operators explicit [7]. Subsequent books and handbooks broadened hybridization to 

mathematical programming, constraint programming, simulation, data mining, and learning [8], [9], [13]. This 

trajectory matters because the object being exchanged changed: It may be a complete solution, a partial 

assignment, a bound, a neighborhood, a prediction, or a policy. A taxonomy based only on algorithm names 

cannot describe those semantics. 

Two neighboring traditions further changed the design space. Matheuristics use mathematical models and 

solver mechanisms to construct heuristic frameworks; contemporary surveys distinguish model-based 

neighborhoods, relaxations, decomposition, restricted masters, and heuristic branch-and-bound variants [10–

12]. Hyper-heuristics move one level upward by selecting or generating heuristics rather than directly 

manipulating problem solutions [14]. These traditions show why “hybrid” should not mean “two metaphors 

joined by a hyphen". The scientific content lies in the division of computational labor and in the validity of 

the information passed between components. 

2.2|Domain-Specific Hybridization 

Flexible job-shop scheduling combines operation sequencing with machine assignment and is extended in 

practice by setup, transport, maintenance, energy, and uncertainty constraints [3]. Taillard and Brandimarte 

supplied enduring benchmark families for basic and flexible shops [15], [16]. More recent reviews emphasize 

multiobjective, dynamic, and energy-aware settings [2], [7], [17]. In these models, a decoder or repair 

procedure may determine more of the effective algorithm than the population update itself. A hybrid claim 

is therefore incomplete unless it states whether feasibility is preserved, repaired, penalized, or delegated to a 

subsolver. 

Vehicle routing reveals a different interface problem. Solomon’s time-window instances made customer 

sequence, vehicle assignment, capacity, waiting, and service timing jointly testable [18]. Adaptive Large-

Neighborhood Search (ALNS) introduced a transparent cooperation mechanism: Destroy and repair 

operators compete under an adaptive score [19], [20]. Hybrid genetic search integrates population diversity 

with aggressive neighborhood education [21]. These mechanisms are transferable, but their reported 

performance is not automatically transferable to live dispatch, electric fleets, inventory routing, or stochastic 

travel times; each variant changes both the feasible set and the evaluation budget. 

Supply-chain network design connects strategic binary commitments to tactical flows, inventories, scenarios, 

and recourse. Reviews under uncertainty and sustainability document broad variation in objective functions, 

risk measures, time horizons, and policy constraints [1], [22–24]. This structure can justify decomposition or 

simulation–optimization, but only if the master–subproblem interface is stated. An exactly solved recourse 

problem supplies a well-defined conditional value; it does not necessarily supply a global lower bound when 

the master remains heuristic. The certificate status must therefore be reported independently from solution 

quality. 

2.3|Adaptation, Learning, and Configuration 

Adaptive hybrids now include operator selection, surrogate models, reinforcement learning, and digital-twin 

feedback. A recent review of ensemble metaheuristics and reinforcement learning in manufacturing 

scheduling organized learning roles around parameter control, strategy selection, and local-search choice [25]. 

Simulation–optimization reviews likewise identify expensive evaluation and distribution change as central 

difficulties [26]. Learning can reduce wasted evaluations or respond to disturbances, but it creates a training 
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  distribution, an update cost, and a failure mode under extrapolation. Those costs belong in the resource and 

evidence contracts rather than outside the comparison. 

Algorithm configuration research makes the same point from another direction. Parameter Iterated Local 

Search (ParamILS), Sequential Model-Based Algorithm Configuration (SMAC), and IRACE treat parameter 

selection as an optimization problem [27–29]; parameter-control surveys distinguish values fixed before a run 

from those adapted during it [30]. Consequently, reporting a tuned hybrid against an untuned baseline 

confounds algorithm design with configuration effort. Training and test instances must be separated, tuning 

budgets disclosed, and the baseline granted a comparable opportunity to configure. Otherwise, the experiment 

measures unequal engineering investment. 

2.4|What the Literature Still Leaves Unresolved 

The literature supplies rich taxonomies and strong domain solvers, but four interfaces are repeatedly under-

specified. Representation is often separated from algorithm comparison; feasibility handling is hidden inside 

a decoder; tuning and surrogate training are excluded from cost; and evidence is compressed into a final 

average objective. Best-practice studies in optimization benchmarking have long argued for explicit problem 

sets, resource metrics, performance distributions, and fair stopping rules [31–33]. Statistical guidance similarly 

favors paired multi-instance analysis and multiplicity control over isolated mean comparisons [34–37]. The 

remaining gap is architectural: These requirements need to be bound to the hybrid’s internal exchanges, not 

appended as a generic checklist. 

 

Table 1. Evolution of the literature and the unresolved interface carried into the present framework. 

 

 

 

 

 

 

 

 

 

 

 

 

3|The Decision-Contract Taxonomy 

Contract 1 (Decision Model). Let an instance be described by data 𝜉 and a feasible set X(ξ). A hybrid returns 

an incumbent x ∈ X(ξ), an archive A ⊆ X(ξ), or a policy π that maps observed states to decisions. The objective 

may be scalar f(x; ξ), vector-valued F(x; ξ), scenario-based E[f(x; ξ, ω)], or robust over an uncertainty set. This 

is not notation for its own sake: A permutation that is feasible for routing may require a decoder for machine 

assignment; a Pareto archive cannot be compared by a scalar error unless the preference model is declared. 

The first contract records variables, constraints, uncertainty, horizon, objective direction, and the status of 

each output. 

Literature Strand Primary Contribution What Remains Ambiguous Decision-Contract Response 

Hybrid taxonomy  
[6–9]  

Level, sequence, 
cooperation 

Meaning and validity of 
exchanged objects 

Name state, trigger, direction, 
cadence, and feasibility status 

Matheuristics  
[10–12] 

Model-based 
neighborhoods and 
subsolvers 

Whether bounds or 
convergence survive heuristic 
coupling 

Separate incumbent quality 
from certificate status 

Domain hybrids [3], 
[4], [17], [19], [20–26] 

Problem-specific 
operators and adaptive 
mechanisms 

Transfer across variants, 
horizons, and data regimes 

Freeze the decision model and 
disturbance process 

Algorithm 
configuration [27–30] 

Systematic tuning and 
adaptive control 

Unequal tuning budgets and 
test leakage 

Declare training split and 
charge configuration cost 

Benchmarking 
statistics [31–37] 

Fair budgets, paired 
tests, multiplicity 
control 

Weak connection to 
component-level causal 
claims 

Cross the full pipeline with 
controlled ablations 
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  Contract 2 (Component roles). Components should be named by responsibility before they are named by 

family. Useful roles include exploration, intensification, feasibility restoration, diversification, prediction, exact 

evaluation, bounding, and coordination. One algorithm can fill several roles, and the same family can fill 

different roles in different hybrids. This role-first description makes ablation interpretable: Removing a local 

search tests intensification; removing an exact recourse solver changes evaluation validity as well as speed. An 

ablation is fair only when the remaining system still satisfies the same decision contract. 

Contract 3 (Exchange). The exchange contract specifies five elements: The object, its semantics, direction, 

trigger, and cadence. A relay may pass one feasible incumbent after a fixed budget. A cooperative team may 

share elites every k evaluations. A low-level learning component may update operator probabilities after each 

accepted move. The same pair of algorithm names can therefore implement fundamentally different systems. 

Fig. 2 locates common patterns by component autonomy and exchange cadence; it is an interface atlas, not a 

ranking. 

 

Fig. 2. Interface atlas for hybrid composition.  

 

Vertical position records whether the components are internal operators or autonomous solvers; horizontal 

position records whether information is handed off once or exchanged repeatedly. The quadrant identifies 

the coordination burden that must be reported, not expected performance. 

Contract 4 (Resources). Every computational activity that differs between methods belongs to the resource 

contract: Preprocessing, model training, parameter tuning, solver calls, simulation replications, 

communication, feasibility repair, and parallel hardware. Function evaluations are fair only when their costs 

are comparable. Wall-clock time is meaningful only when hardware, parallelism, warm starts, and 

measurement boundaries are fixed. For online use, report the latency distribution of the entire decision path, 

particularly p95 and p99 values, because average latency can hide deadline violations. 

Contract 5 (Evidence). The evidence contract links outputs to claims. Feasible incumbents support claims 

about achieved objective values. Valid relaxations can support bounds. Repeated paired runs support 

probabilistic comparisons on the tested instance distribution. Out-of-sample event streams support limited 

robustness claims. None of these alone establishes universal dominance or production readiness. The No-

Free-Lunch result reinforces the need to specify a problem distribution rather than expect one optimizer to 

dominate without qualification [38]. 
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  Table 2. Minimal reproducibility record for a hybrid metaheuristic. 

 

 

4|Domain Design Maps 

4.1|Flexible Job-Shop and Production Scheduling 

In a flexible job shop, the representation must encode both operation sequence and eligible-machine 

assignment. Feasibility covers precedence, non-overlap, eligibility, and any setup, transport, worker, or 

maintenance constraint. A population method can explore assignments while a critical-path neighborhood 

intensifies sequencing; a mixed-integer subproblem can optimize a restricted neighborhood; a repair operator 

can restore capacity after a disruption. These are different contracts. Comparisons should use identical 

instance versions, objective definitions, stopping budgets, and energy models [3], [4], [15–17]. Multiobjective 

studies should release nondominated sets and declare indicator reference points; Non-dominated Sorting 

Genetic Algorithm II (NSGA-II) is a search mechanism, not a substitute for decision preference [39]. 

4.2|Routing and Intralogistics 

Routing hybrids must expose the decoder for vehicle assignment and timing. Waiting, service duration, depot 

limits, split deliveries, charging, and route duration change feasibility. Adaptive Large Neighborhood Search 

(ALNS) is attractive when destroy–repair operators map naturally to disruptions, while hybrid genetic search 

makes diversity an explicit system state [19–21]. For live routing, the event stream must be replayed identically 

across algorithms. A method that obtains a better offline route after minutes cannot be ranked against a 

dispatcher required to return a feasible action in seconds without a deadline-aware metric. 

4.3|Supply-Chain Design and Inventory Decisions 

Network design hybrids often benefit from a structural split: A master selects facilities, technologies, or 

contracts, and a subproblem evaluates flows, inventories, or scenario recourse [1], [22–24]. The contract must 

state whether infeasible master decisions are rejected, penalized, repaired, or evaluated through slack. Under 

uncertainty, scenarios used for design must be separated from those used for assessment. Robustness should 

be expressed through out-of-sample loss, service violations, regret, or recourse feasibility—not by relabeling 

a nominal solution as resilient. 

4.4|Maintenance, Energy, and Simulation-Coupled Operations 

Maintenance and energy decisions create hidden evaluators. Energy may be computed from a machine-state 

model, measured physically, or estimated by simulation; these are not interchangeable. Maintenance may 

depend on degradation estimates that are themselves uncertain. When simulation or a surrogate evaluates 

candidates, report replication policy, random-number control, prediction error, update frequency, and the 

fraction of decisions checked by the true evaluator [4], [26], [40]. A digital twin adds value only if the data-to-

decision loop is timed and its model discrepancy is examined. 

Contract Required Record Diagnostic Question 

Decision model Variables; constraints; horizon; uncertainty; objective; 
output type 

Would another group construct the 
same feasible set? 

Component roles Role, input, output, stopping rule, and failure 
behavior for each component 

What computational responsibility 
disappears in an ablation? 

Exchange Object, semantics, direction, trigger, cadence, 
synchronization 

Can an exchanged object be 
infeasible, stale, or incomparable? 

Resources Tuning, training, evaluations, solver calls, hardware, 
parallelism, end-to-end time 

Which costs were excluded from 
the reported budget? 

Evidence Instances, seeds, metrics, bounds, statistical unit, 
artifacts, claim boundary 

What exact claim would the 
experiment falsify? 
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  Table 3. Domain-to-mechanism map.  

 

 

 

 

 

 

 

 

5|Evidence Architecture 

5.1|Freezing the Comparison Before Execution 

A defensible experiment predeclares the instance roster, versions and hashes; objective direction; feasibility 

rules; event stream; tuning split; independent seeds; hardware and parallelism; and stopping rule. The 

experimental unit is normally the instance–seed pair, not an iteration. The simplest meaningful heuristic and 

a competitive domain baseline should be included. If a commercial solver is used as comparator or 

component, its version, settings, warm starts, and time accounting must be stated. 

5.2|Measure a Vector of Outcomes 

Feasibility comes first. Conditional on feasibility, report objective quality, time-to-target, and anytime 

trajectories. For a minimization problem with positive reference value bi, relative deviation 100
fi−bi

bi
 is 

interpretable only when bi is identified and comparable. It is undefined at bi = 0 and should not be pooled 

across unrelated objectives. Performance profiles can summarize the fraction of instances solved within a 

factor of the best observed performance [32], but the underlying cost measure and failure convention must 

be stated. Online systems additionally require tail latency, deadline-feasible quality, and recovery after 

disturbances. 

5.3|Separate Statistical Significance from Operational Relevance 

For multiple algorithms evaluated on matched instance sets, rank-based omnibus and post-hoc procedures 

can be appropriate [34], [35], [37]. Holm [36] correction controls a declared family of comparisons. These 

procedures do not repair tuning leakage, dependence between reused runs, or heterogeneous objectives. 

Report paired differences and uncertainty, not only ranks and p-values. A practically meaningful margin 

should be set in the units of the decision—minutes of tardiness, energy, service failures, or computation time. 

Failure to reject a difference is not proof of equivalence. 

5.4|Make Hybrid Causality Testable 

Ablation asks whether each component earns its cost. Remove one component while preserving the 

remaining representation, initialization, budget, and tuning protocol. If removal changes feasibility, report 

that fact rather than interpreting the comparison as a pure quality effect. Factorial ablations are useful when 

Decision Setting Structural Burden Candidate Hybrid 
Mechanism 

Evidence That Can 
Reject It 

Flexible job shop Sequence + machine 
assignment; precedence; 
dynamic events 

Population exploration + 
critical-path improvement or 
exact neighborhood 

Feasibility at deadline; 
paired anytime gap; ablation 
of neighborhood 

Vehicle routing Sequence + vehicle + 
timing; online requests 

ALNS or diversity-controlled 
population search with repair 

Event-replay service rate; 
p95 latency; route cost 
under equal time 

Supply-chain design Strategic binaries + 
flow/recourse; uncertainty 

Heuristic master + exact or 
controlled-error subproblem 

Out-of-sample recourse; 
incumbent quality; 
independently valid bound 

Maintenance 
scheduling 

Production precedence + 
downtime + degradation 

Rolling horizon + scenario 
evaluation + feasibility 
restoration 

Violation rate; rescheduling 
stability; update latency 

Energy-aware 
operations 

State-dependent energy + 
competing objectives 

Multiobjective archive + 
metered/simulated evaluator 
or surrogate 

Pareto quality; energy-model 
validation; surrogate error 
under shift 

* Candidate mechanisms are hypotheses to test, not prescriptions. 
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  two components interact. The key output is not “component A helps on average,” but the boundary: The 

instance features, budgets, or disturbance regimes under which its incremental value becomes positive. 

Fig. 3. Matched-budget evidence pipeline.  

 

The sequence prevents test leakage and metric substitution. Component ablation is not an isolated final 

experiment; it must preserve the frozen problem, tuning split, execution budget, and interpretation rules 

across the pipeline. 

5.5|Reproducibility Package 

The release should contain the complete instance manifest, preprocessing, configuration space, selected 

configurations, seeds, raw run-level data, feasibility checker, scripts for every table and figure, and software 

licences. For dynamic problems, include the timestamped event stream and the rule for deciding when a new 

plan becomes active. For surrogate or learning components, include training data provenance, model 

checkpoints, update logic, and error diagnostics. A paper can be reproducible without being universally 

generalizable; reproducibility fixes what was done, while generalization requires additional evidence. 

6|Research Gaps and Testable Agenda 

The decision-contract view changes the research agenda from inventing additional pairings to testing 

interfaces. Five gaps are especially consequential: 1) representation-aware comparisons are rare: Two studies 

may share an algorithm label while solving different feasible sets, 2) certificate status is often blurred when 

exact and heuristic components are combined, 3) adaptation costs and distribution shift are incompletely 

charged, 4) end-to-end latency and post-disruption feasibility receive less attention than final objective values, 

and 5) transferable design rules require instance features that explain when a component helps, not only 

aggregate rankings. 

 

Table 4. Research gaps and falsifiable studies. 

 

A useful multi-domain benchmark should therefore not pool makespan, route cost, and inventory loss into 

one score. It should preserve separate suites while sharing a common contract schema, resource ledger, 

Gap Why Current Evidence is Insufficient Falsifiable Next Study 

Representation sensitivity Algorithm labels hide decoder and repair 
effects 

Cross decoders and search engines 
factorially under one feasible-set checker 

Certificate integrity Exact components are sometimes treated 
as if they certify the whole hybrid 

Audit incumbent and bound provenance at 
every interface 

Adaptation under shift Learning is evaluated on events 
resembling training 

Predeclare regime shifts; measure recovery, 
regret, and update cost 

Deployment timing Search-loop time omits sensing, transfer, 
repair, and actuation 

Instrument the end-to-end path and report 
deadline-feasible quality 

Conditional transfer Average ranks do not reveal where 
components add value 

Model component gain against instance 
and disturbance features on held-out suites 
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  artifact format, and statistical protocol. Cross-domain transfer can then be studied at the level of 

mechanisms—repair, decomposition, operator adaptation, or surrogate control—rather than by assuming 

that a named algorithm carries a stable advantage across problems. 

7|Limitations 

This article is a methodological synthesis. It does not report a Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA)-style systematic search, estimate the prevalence of hybrid patterns, or 

establish comparative performance. The cited studies were selected to anchor foundational taxonomies, 

domain formulations, representative mechanisms, and evaluation practice. The proposed contracts and maps 

should therefore be tested on openly released benchmark suites before they are treated as validated selection 

rules. The framework also does not eliminate judgment: Defining an operationally meaningful equivalence 

margin, risk measure, or deadline remains a domain decision. 

8|Conclusion 

A hybrid metaheuristic becomes scientifically intelligible when its interfaces are more explicit than its name. 

The decision-contract framework links five objects: The industrial decision model, the responsibilities 

assigned to components, the information exchanged between them, the resources consumed, and the 

evidence used to justify a claim. This architecture accommodates relay and cooperative hybrids, matheuristics, 

adaptive operator selection, surrogate assistance, and learning-guided search without treating them as 

interchangeable. It also enforces a disciplined empirical order: Feasibility, matched budgets, anytime quality, 

tail latency, robustness, certificate validity, and ablation. The resulting contribution is not a universal recipe 

for choosing algorithms. It is a way to formulate hybrid design as a set of claims that another researcher can 

reproduce, challenge, and—when the evidence warrants—carry into industrial decision making. 
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