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Abstract

The stochastic team orienteering problem with time windows (STOPTW)
requires a team of vehicles to collect prizes under service-time uncertainty and
hard time windows, choosing the next customer online. Genetic programming
(GP) hyper-heuristics evolve interpretable dispatching rules for this setting, but
the terminal set, the features the rules compose from, has remained the eleven
of the neighbourhood-score GP (NS-GP) baseline. We propose SI-GP, a solver-
informed genetic programming hyper-heuristic that extracts heuristic building
blocks from high-quality reference solutions and selects an instance-specific sub-
set of these features. Routes from the reference solvers are read move by move to
identify the operations that separate them from the baseline rules. The terminals
implementing these operations are grounded in the scheduling and orienteering
literature, and two novel composites put downstream loss and reachable gain
in one number. A structured-population genetic algorithm performs the per-
instance selection, evaluating every chromosome by a full GP hyper-heuristic run
on a GPU. A cross-validatory choice keeps the baseline as a backup member.
The deployed rule needs no solver and no simulation, and never underperforms
the baseline on the held-out set. SI-GP improves the NS-GP baseline by 1.3%
on average on the 30 of the 40 benchmark instances where the baseline does
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not already serve every customer, with 10 gains surviving Holm correction. The
evolved rules remain readable, and on most instances their run-to-run devia-
tion falls below the baseline’s. The pattern is consistent with the solver-informed
vocabulary regularising the GP search.

Keywords: genetic algorithms, genetic programming hyper-heuristics, dispatching
rules, team orienteering, stochastic optimisation

1 Introduction

Wildfires burned 3.9 million square kilometres of land in the 2023–2024 fire season
alone (Jones et al. 2024). Unmanned aerial systems already support the detection,
monitoring, and active response phases of these events (Haeri Boroujeni et al. 2024).
When a small team of vehicles responds, more hotspots demand attention than the
fleet can reach. Each hotspot carries a different value, stays treatable only inside a
window before it spreads, and takes an uncertain time to suppress once a vehicle
arrives. Not every hotspot can be visited. The decision that matters is which ones to
serve and in which order, while the clock runs. The same structure governs skimmer
vessels containing an oil slick before it drifts ashore, spraying drones treating crop
infestations inside biological windows, crews reinforcing dikes ahead of a flood crest or
treating mosquito breeding sites within the vector’s reproductive cycle, and even the
sequencing of orbital debris removal, where the cost of each transfer shifts with the
departure epoch (Federici et al. 2019). Operations research abstracts this family as
the team orienteering problem with time windows: a fleet collects heterogeneous prizes
under hard time windows and a shared time budget, and leaving customers unserved
is part of the model rather than a failure of it. The problem entered the evolutionary
computation literature through personalised tourist trip design (Mei and Zhang 2018),
and the benchmark used in this work descends from that line.

Service durations in these operations are not known in advance. How long a
suppression run takes depends on wind and on fuel conditions, and a containment
manoeuvre depends on the sea state. Mei and Zhang (2018) observed that under
stochastic visit durations a preplanned trip may become infeasible, since a single delay
can push later visits outside their windows. Jackson and Mei (2020) likewise note that
solutions produced by traditional optimisation techniques are inflexible in the face of
variance in the stochastic variables. The observation extends to the strongest planners
available. We replayed the routes produced by a high-quality reference solver under
stochastic service times, and the frozen plans lost to a simple adaptive rule in 10 of
the 30 Solomon instances (Section 3.1). Unlike conventional offline routing, where a
complete route is determined before service durations are observed, the policy con-
sidered here selects the next customer online after each realised service duration. A
dispatching rule, also called a policy or priority function, ranks the feasible customers
at every decision point and commits only to the next visit, absorbing each devia-
tion as it happens. Genetic programming hyper-heuristics automatically evolve such
rules (Burke et al. 2013; Nguyen et al. 2013). For the stochastic TOPTW, Mei and

2



Zhang (2018) introduced the GPHH that evolves priority functions over 10 scheduling
features, and Jackson and Mei (2020) extended the terminal set with a neighbourhood
score, establishing the NS-GP baseline used throughout this work.

The evolved rule is a compact artefact. It is an arithmetic expression over features
of the current state, a few dozen nodes at most, and evaluating it for one candidate
costs a fixed handful of operations. A decision therefore involves no search and no
simulation, and no solver is called at any point. In our experiments, a complete held-
out evaluation of thirty rules over five hundred scenarios runs in seconds, which puts
a single dispatch decision in the microsecond range on commodity hardware. The
training cost is paid once, before deployment. Burke et al. (2013) argue that generating
a heuristic is expensive only in the short term, because one run of the evolution yields
a method that answers future instances far more quickly than re-running an optimiser.
Nguyen et al. (2013) make the same point when they contrast reusable rules with
the disposable solutions of conventional metaheuristics. For the operations described
above, this is the property that matters. A rule this small can be read, and it can also
be embedded, so a vehicle carries its complete decision logic without any connection
to a ground station.

The quality of an evolved rule is bounded by the vocabulary it composes from.
Nguyen et al. (2013) found that evolved rules improve when system and machine
attributes enter the terminal set, and the survey of Zhang et al. (2024) is explicit
that terminals are not limited to the published tables and should be defined for the
scenario under examination. The stochastic TOPTW lineage has nevertheless kept
the same eleven features since the NS-GP baseline was established. In dynamic job
shop scheduling, richer vocabularies have been pursued through feature construction
and feature selection (Yska et al. 2018; Mei et al. 2017; Zhang et al. 2021), yet in
every case the features are evolved from scratch or selected once for a whole problem
class. None of these methods consults a solver. High-quality offline solvers for routing
now exist and run on GPUs, and their routes encode operations that no baseline
rule performs (Wouda et al. 2024). Reading those routes is not imitation learning.
Ingimundardottir and Runarsson (2018) learn dispatching preferences by labelling
states with optimal decisions and report degradation once the learned rule leaves the
teacher’s distribution. We take the opposite path and extract a vocabulary, letting the
GP re-optimise every rule directly on the stochastic objective.

A single vocabulary is still a compromise, because instances of different regimes
reward different features. The feature selection methods above choose one subset for
an entire scenario (Zhang et al. 2021), and the recent instance-specific framework of
Zhang et al. (2025) generates heuristics as opaque code through a large language model
on deterministic problems. Selecting an interpretable subset for each instance through
a wrapper was, until recently, computationally out of reach. Mei and Zhang (2018)
report an average training time of 966 seconds for their basic GP and 26,182 seconds
for the look-ahead variant (about seven hours). The difference comes from exactly
the kind of neighbourhood feature our vocabulary multiplies. Our engine removes this
barrier. A single CUDA kernel evaluates entire populations with the instance resident
on the device, following the design line of recent GPU frameworks for evolutionary
computation (Wu et al. 2026; Lan et al. 2022; Huang et al. 2025), and completes thirty
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full GP runs in 36 to 1,092 seconds per instance. One complete GPHH execution
becomes cheap enough to serve as a single fitness evaluation. A structured-population
genetic algorithm (Toledo et al. 2014) can then search the space of terminal subsets
per instance, spending a median of 113 full executions per instance and over 5,000 in
the campaign reported here.

The main objective of this work is to evolve interpretable dispatching rules that
capture part of the gap to high-quality offline solvers while deciding without any
simulation at deployment. Three sub-objectives follow: (i) constructing a terminal
vocabulary from the routes of the reference solvers and grounding it in the scheduling
and orienteering literature, (ii) for each instance selecting the subset of that vocab-
ulary the GP composes from, and (iii) validating the evolved rules under a paired
protocol, explaining where and why they gain. The resulting method, SI-GP, reads the
solver routes move by move, implements the observed operations as 18 terminals in
four families, 16 grounded in published terminals and two novel composites. Then, it
searches for the subsets per instance using a genetic algorithm with a structured popu-
lation whose fitness function is a full GPHH execution. A cross-validatory choice with
the baseline as a backup member closes the pipeline. On the 40 benchmark instances,
SI-GP is never worse than the NS-GP baseline, with 36 wins, 4 draws and 10 gains
surviving Holm correction at a global Wilcoxon p = 1.7 × 10−7. On the 30 instances
where the baseline does not already serve every customer, the average improvement
is 1.3%, and over all 40 it is 1.0%. In 29 of the 38 evolved instances, the deviation
across runs falls below the baseline, and in the strongest cases the per-seed floor rises
outright. The evidence points to the solver-informed vocabulary regularising the GP
search.

Our contributions are fourfold. First, we construct a solver-informed terminal
vocabulary whose provenance is traceable link by link, from route reading to litera-
ture grounding to two novel composite terminals. Second, we select terminal subsets
per instance with a structured-population genetic algorithm acting as a true wrap-
per over the GPHH, an approach previously ruled out by the cost of each evaluation.
Third, we validate the 40-instance campaign under common random numbers with
paired Wilcoxon tests, Holm correction, and effect sizes, and we identify the mech-
anism behind the gains. Fourth, we release the engine, the instances, the complete
campaign logs, and thirty-seed traces in a public repository1.

According to our literature search, this is the first study to extract an interpretable
terminal vocabulary from the routes generated by a high-quality reference solver and
to perform instance-specific selection of these terminals within a genetic programming
hyper-heuristic. Although related approaches have explored the joint generation and
selection of heuristics for deterministic vehicle routing problems (VRPs), and more
recent studies have investigated instance-specific heuristic generation using large lan-
guage models, these approaches neither exploit solver-generated routes as a source
of interpretable heuristic knowledge nor generate transparent rules specifically for
stochastic routing problems. Our approach therefore establishes a distinct frame-
work that combines solver-derived knowledge, instance-specific heuristic selection, and
interpretable genetic programming for stochastic routing.

1https://github.com/augustompm/solver-informed-dispatching-rules.
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The remainder of this paper is organised as follows. Section 2 reviews the problem
and related work. Section 3 presents SI-GP, from the reference routes and the terminal
construction to the per-instance selection. Section 4 details the experimental setup
and reports the results, the statistical analysis, the interpretability findings and the
computational cost. Concluding remarks, together with limitations and future work,
are provided in Section 5.

2 Background and related work

2.1 The stochastic team orienteering problem with time

windows

The Orienteering Problem (OP) was introduced by Tsiligirides (1984) in the context
of score-orienteering events, where a competitor selects a subset of control points to
visit so as to maximise the collected score subject to a prescribed time limit. Chao
et al. (1996) subsequently extended the formulation to a team of M members, with
each member following an individual route and the objective defined as the total
score collected by the team. The incorporation of time-window constraints leads to
the Team Orienteering Problem with Time Windows (TOPTW). The deterministic
variants of this problem family have been extensively studied and are comprehensively
reviewed by Vansteenwegen et al. (2011) and Gunawan et al. (2016). With respect to
benchmark instances, two main sources have been widely adopted in the literature. The
Solomon instances, originally introduced for the VRP with Time Windows (VRPTW),
represent clustered, randomly distributed, and mixed customer configurations over
both short and long scheduling horizons (Solomon 1987). The pr instances originate
from the multi-depot vehicle routing problems of Cordeau et al. (1997) and were
subsequently adapted to the TOPTW by Montemanni and Gambardella (2009). These
instances contain up to 288 customers and are characterised by substantially wider
time windows.

Mei and Zhang (2018) introduced the stochastic TOPTW considered in this study,
in which service durations are modelled as random variables with a standard devia-
tion equal to 20% of their mean in the benchmark instances. Consequently, the actual
service duration is revealed only when a customer is being served. Stochastic exten-
sions of the OP family, however, predate this formulation. Campbell et al. (2011)
considered stochastic travel and service times in a single-vehicle setting, incorporating
penalties for commitments that cannot be fulfilled. Jin and Thomas (2019) investi-
gated a team-based variant in which both rewards and service durations are uncertain,
motivated by intrahospital routing; however, the routes are determined a priori, before
the realisation of uncertainty. More recently, simheuristic approaches have incorpo-
rated Monte Carlo simulation within metaheuristic frameworks and have been applied
to several stochastic variants of the TOP (Panadero et al. 2022; Herrera et al. 2022;
Panadero et al. 2024). Learning-based approaches have also been investigated, includ-
ing reinforcement learning for orienteering with stochastic release dates (Li et al. 2024)
and neural constructive methods under stochastic travel times (Hottung and Tier-
ney 2022) or with service duration treated as a decision variable (Gao et al. 2026).
Despite these advances, the literature that addresses such studies does not provide an
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interpretable decision rule capable of making online routing decisions under stochastic
service durations without relying on simulation at decision time. Existing approaches
either determine routes in advance, explicitly sample scenarios during the decision
process, or consider sources of uncertainty other than service duration, such as travel
times or release dates. It is also worth noting that the acronym STOPTW has been
used by Yu et al. (2024) to denote the Set Team Orienteering Problem with Time
Windows, a deterministic variant in which customers are partitioned into clusters. In
the present study, STOPTW denotes the stochastic Team Orienteering Problem with
Time Windows, following the terminology introduced by Mei and Zhang (2018).

2.2 Genetic programming hyper-heuristics and dispatching

rules

Hyper-heuristics search over heuristics (or over heuristic components) rather than
directly over problem solutions (Burke et al. 2013). Two main families are distin-
guished: hyper-heuristics that select among existing heuristics and those that generate
new ones (Burke et al. 2013; Drake et al. 2020). Genetic programming (Koza 1992) is
the predominant framework for heuristic generation. For dispatching rules in job shop
scheduling, Nguyen et al. (2013) compared three representations, ranging from arith-
metic trees that produce composite rules to decision trees that select rules according
to machine attributes. Regardless of representation, the expressive capacity of evolved
rules is determined by the terminal set, which provides the scheduling statistics from
which they are constructed. Grammar-based variants further constrain the search to
syntactically valid structures. Grammatical evolution has been used to generate per-
turbative solvers (Sabar et al. 2013), local search heuristics (Burke et al. 2012), and
constructive heuristics for the capacitated VRP (Marshall et al. 2014).

The stochastic TOPTW was introduced in the literature by Mei and Zhang (2018).
Besides defining the problem, the authors incorporated two look-ahead features into
the GPHH to anticipate the effect of a visit on later opportunities. Karunakaran et al.
(2019) subsequently trained rules across instances using multitask GP, while Jackson
and Mei (2020) added cluster information through a constructed terminal feature.
The resulting NS-GP, built on the neighbourhood-score feature, is the reference dis-
patching rule for the problem. According to our literature search, these three studies
constitute the complete GPHH literature on the stochastic TOPTW, with no sub-
sequent contributions identified since 2020. Moreover, the most recent survey of the
orienteering problem, covering the period from 2017 to 2025, does not include genetic
programming or hyper-heuristics among the reviewed methodological families (Shen
et al. 2025). This work revisits this research direction by addressing the question of
which terminals should constitute the building blocks of the evolved rules.

2.3 Richer vocabularies: feature construction and selection in

GPHH

A related line of research in dynamic job shop scheduling considers the vocabulary itself
as an object to improve. Yska et al. (2018) co-evolved constructed features together
with the rules, and identified feature selection over the terminal set as a natural
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extension of this approach. Mei et al. (2017) addressed this selection problem with a
niching-based framework that employs a surrogate model to reduce the computational
cost of each fitness evaluation, thereby mitigating the expense of assessing feature
importance through complete GP runs. Zhang et al. (2021) proposed a two-stage
design in which the population is re-initialised using only the selected features, one
subset per scheduling scenario. The survey by Zhang et al. (2024) places these methods
within the broader adoption of machine learning techniques for heuristic design. Inside
the STOPTW lineage, the cluster-awareness terminal introduced by Jackson and Mei
(2020) further showed the potential contribution of a carefully designed constructed
feature. As previously stated, our work departs from this line mainly in the source
and selection of candidate terminals. Rather than evolving features from scratch, the
candidate terminals implement operations read from the routes generated by a high-
quality reference solver and are grounded in the established problem-specific literature.
Moreover, the terminal subset is chosen per instance, not once per entire scenario. The
selection procedure follows a true wrapper, i.e., each candidate subset is evaluated by
running the complete GPHH with the corresponding terminal set. This computation-
ally demanding strategy becomes tractable through the accelerated evaluation engine
described in Section 2.6.

2.4 Learning from high-quality solutions

A separate thread learns decision behaviour directly from high-quality or optimal
solutions. Ingimundardottir and Runarsson (2018) framed job shop dispatching as a
preference learning problem over post-decision states labelled by an exact solver. How-
ever, the resulting rules may become unreliable once their own choices lead to states
outside the trajectories represented in the training data, a limitation also reported
by the authors. Acero and Li (2024) distilled neural locomotion policies into gradient
boosting models and then into symbolic expressions. Although the intermediate model
preserves the expert policy, the final symbolic representation incurred a substantial loss
in accuracy. Sharifi et al. (2025) derived driving policies from demonstrations through
inductive logic programming. In scheduling, Wei et al. (2026) calibrated the selection
among given classical dispatching rules using rollout-based labels and an uncertainty
gate, while Ferreira et al. (2022) guided GP search with insights from problem-specific
knowledge, reaching compact rules for dynamic job shops. In these approaches, the
source primarily provides behavioural labels or guidance for selecting or ranking exist-
ing rules. In contrast, our approach uses the reference solver as a source of structural
knowledge rather than as a target for imitation or rule selection. Specifically, the
routes generated by the solver are analysed to identify relevant operations and, con-
sequently, to construct candidate terminal features. The GP subsequently optimises
these solver-informed building blocks directly with respect to the stochastic objective,
without an imitation target or behavioural supervision at any stage.
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2.5 Per-instance selection and portfolios

Choosing among algorithms on a per-instance basis is a well-established research
problem. Rice (1976) formalised it as a mapping from instance features to the best-
performing member of an algorithm space, using models such as weighted linear
combinations or decision trees. Kotthoff (2014) observes that research in this area
increasingly focuses on “identifying the most suitable existing algorithm” rather than
developing new ones. Selection hyper-heuristics extend the same principle to heuristic
search by choosing low-level heuristics during an iterative process (Drake et al. 2020).
Recent instantiations still operate over predefined rules, either by learning to imitate
expert selectors with neural networks (Tyasnurita et al. 2024) or by using metaheuris-
tics to select a fixed set of priority rules (Garza-Santisteban et al. 2025). Algorithm
configuration, e.g. with irace, answers the complementary question of tuning the
parameters of a single algorithm (López-Ibáñez et al. 2016). In practice, SATzilla built
per-instance solver portfolios using empirical hardness models and kept the overall
best solver as a backup (Xu et al. 2008), and ASlib later standardised the evalua-
tion of such systems (Bischl et al. 2016). Selection based on held-out performance
also has a long history, dating back to cross-validatory model selection (Stone 1974).
Our selection stage follows these principles, with the NS-GP baseline included as an
always-available portfolio member.

Two systems are particularly close to our framework. Sim and Hart (2016) evolved
constructive heuristics for the VRP using GP and subsequently applied a perturbative
hyper-heuristic to select among the resulting candidates. This represents the closest
structural predecessor to our work, although its generation stage is not guided by
solver-derived knowledge and the problem is deterministic. Zhang et al. (2025) par-
titioned the instance space into subclasses, generated one heuristic per subclass with
a large language model, and subsequently allowed the model to select among them
online. In that framework, the resulting heuristics are executable code. Across this
whole literature, existing portfolio approaches consider members that are predefined,
imitated from experts, evolved without solver guidance, or generated by language mod-
els. In contrast, the vocabulary from which our portfolio members are constructed is
informed by the routes produced by a high-quality reference solver.

2.6 Reference solvers and GPU acceleration

This work reads routes produced by high-quality solvers for the deterministic problem;
two of them are part of the pipeline. PyVRP implements hybrid genetic search and
ranked first in the 2021 DIMACS VRPTW challenge and in the static track of the
EURO meets NeurIPS 2022 competition (Wouda et al. 2024). NVIDIA cuOpt is a
GPU-accelerated routing engine that iteratively improves a population of candidate
solutions2. Neither solver addresses the stochastic objective considered here. Both are
used exclusively offline to obtain reference routes, and the per-instance reference gap
is quantified in Section 3.

GPU acceleration has also been increasingly adopted in evolutionary computa-
tion. General-purpose metaheuristic frameworks can now run entirely on the device

2https://docs.nvidia.com/cuopt, accessed July 2026.
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(Liu 2026), tensor based formulations accelerate VRP local search (Lei et al. 2025),
and EvoX scales evolutionary pipelines across accelerators (Huang et al. 2025). For
GP in particular, vectorised engines have reported speedups approaching three orders
of magnitude (Baeta et al. 2021), while EvoGP exploits population-level parallelism
for tree-based GP (Wu et al. 2026). On the reinforcement learning side, WarpDrive
demonstrated the benefits of keeping the entire learning loop on a single GPU to
avoid data transfer overhead (Lan et al. 2022). The computational challenge is par-
ticularly relevant to our problem lineage: the look-ahead variant introduced by Mei
and Zhang (2018) multiplies training time by a factor of 27 relative to basic GP, while
a solver-informed vocabulary adds several terminals of exactly that kind. Our engine
follows this computational paradigm by keeping the instance resident on the device
and evaluating rules bit-exactly against the CPU reference, thereby reducing a com-
plete GPHH execution to an affordable evaluation unit. This makes the per-instance
wrapper described in Section 3.4 computationally feasible.

2.7 Positioning our work in the literature

Table 1 positions SI-GP against the works reviewed in this section, following the
assumption tables of Shen et al. (2025). The five attribute columns read as follows.
Uncertain environment: data revealed during execution, stochastic or dynamic. Real-
time decisions: the method decides while the plan executes. Interpretable rule: the
deployed logic is a readable expression. Solver-derived knowledge: high-quality or opti-
mal solutions enter the method. Instance-specific selection: the heuristic or vocabulary
is chosen per instance. The orienteering family either fixes its routes in advance or
learns policies that are not interpretable. The GPHH lineage of the stochastic TOPTW
deploys interpretable rules that decide online, with a vocabulary that remained fixed
from Mei and Zhang (2018) to Jackson and Mei (2020), and the vocabulary studies in
scheduling construct or select features at most once per scenario. The works that learn
from high-quality solutions transfer behavioural labels or rankings. The generation-
with-selection line operates on deterministic problems and consults no solver. No other
row fills all five columns. SI-GP does, and the knowledge it derives from the solver is
structural: the routes inform which terminals to construct.

Taken together, these research directions define a clear methodological gap. First,
GPHH vocabularies are typically evolved from scratch or selected once per scenario.
Second, portfolio members are predefined, learned through imitation, or generated
without reference to a solver. Third, information extracted from high-quality solutions
is generally transferred as behavioural labels rather than as structural knowledge.
Moreover, the GPHH literature on the stochastic TOPTW has remained inactive since
2020. Our literature search identified no prior study that analyses routes generated by
a reference solver to determine which terminals should be available to a GPHH, nor one
that performs this vocabulary selection on an instance-specific basis. The search was
conducted using Scopus and Google Scholar in August 2026, with the exact queries,
database exports, and screening records provided in the public repository. The next
section describes the two components of this framework and their integration.
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Table 1 Positioning of SI-GP against the works reviewed in this section, following the assumption
tables of Shen et al. (2025). The attribute columns are defined in the text.
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The orienteering family (Section 2.1)
Campbell et al.
(2011)

OPSTS variable neighbourhood
search, dynamic
programming for special
cases

✓ – – – –

Jin and Thomas
(2019)

TOP, stochastic
rewards and
service times

a priori approach with
solution sampling

✓ – – – –

Panadero et al.
(2022); Herrera
et al. (2022);
Panadero et al.
(2024)

stochastic TOP
variants

simheuristics, biased-
randomised algorithms

✓ – – – –

Li et al. (2024) OP, stochastic
and dynamic
release dates

reinforcement learning,
value function
approximation with exact
ILPs

✓ ✓ – – –

Hottung and
Tierney (2022)

TD-OPSWTW deep reinforcement learning ✓ ✓ – – –

Gao et al. (2026) OPTWVP transformer with linear
programming, 2 stages

– – – – –

GPHH for the stochastic TOPTW (Section 2.2)
Mei and Zhang
(2018)

STOPTW GPHH ✓ ✓ ✓ – –

Karunakaran et al.
(2019)

STOPTW multitasking GPHH ✓ ✓ ✓ – –

Jackson and Mei
(2020)

STOPTW GPHH, constructed NS
terminal

✓ ✓ ✓ – –

Terminal vocabularies in GPHH (Section 2.3)
Yska et al. (2018) DFJSS GPHH, feature

construction
✓ ✓ ✓ – –

Mei et al. (2017) DJSS GPHH, feature selection
with a surrogate

✓ ✓ ✓ – –

Zhang et al. (2021) DFJSS 2-stage GPHH, feature
selection per scenario

✓ ✓ ✓ – –

Learning from high-quality solutions (Section 2.4)
Ingimundardottir
and Runarsson
(2018)

JSS preference learning with
DAgger

– – ✓ ✓ –

Wei et al. (2026) JSS selection hyper-heuristic
with an uncertainty gate

– – ✓ ✓ –

Ferreira et al.
(2022)

DJSS GP, guided empirical
learning

✓ ✓ ✓ – –

Per-instance selection and portfolios (Section 2.5)
Sim and Hart
(2016)

VRP GP constructive heuristics,
selective hyper-heuristic

– – ✓ – ✓

Zhang et al. (2025) OBPP, CVRP LLM generation and
selection

✓ ✓ – – ✓

Xu et al. (2008) SAT algorithm portfolio,
empirical hardness models

– – – – ✓

SI-GP (this work) STOPTW GPHH, GA wrapper,
cross-validatory choice

✓ ✓ ✓ ✓ ✓
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3 Solver-informed genetic programming

SI-GP is assembled in four design-time stages, summarised in Figure 1. Design time:
solver execution, route analysis, terminal construction, terminal selection and GP evo-
lution. Deployment time: evaluation of the evolved arithmetic rule only. Two reference
solvers produce high-quality routes for the deterministic counterpart of each instance,
which are subsequently replayed under stochastic realisations to quantify the prize left
uncollected by the baseline. Analysing these routes move by move turns that gap into
a list of recurring operations, implemented as 18 constructed terminals with explicitly
identified origins. A structured-population genetic algorithm then selects, instance by
instance, the subset of terminals the GP composes from, while the final stage performs
a cross-validatory choice between the evolved rule and the baseline, which is retained
as a backup portfolio member. The resulting deployed artefact remains an arithmetic
expression over state features that makes decisions in microseconds without solver calls
or simulation. The remainder of this section first describes the reference route and
terminal vocabulary, followed by the selection procedure introduced in Section 3.4.

Fig. 1 The SI-GP pipeline. Every stage runs at design time, and the deployed rule decides without
search, solver, or simulation.

3.1 Reference routes and the per-instance gap

We first solve each instance in its nominal form, with all service durations fixed at their
expected value. NVIDIA cuOpt runs on the GPU under a time budget of 900 seconds
per instance, while PyVRP repeatedly restarts its hybrid genetic search until no further
improvement of the incumbent is obtained. The pair was chosen for benchmark fit
and for independence: the instances descend from classical VRP benchmarks, PyVRP
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ranked first in the two routing competitions cited in Section 2.6, and cuOpt runs a
population-based search of a different design on the GPU. Taking the best of the
two routes per instance keeps the reference ceiling from depending on a single search
paradigm. Neither solver accounts for the stochastic objective, and the introduction
already showed what happens when their routes are executed as fixed plans. Here, the
routes are used for measurement instead. Each route is replayed over the 500 held-out
scenarios of the evaluation protocol (Section 4.1), following the standard practice of
scoring a fixed policy by sampled simulation (Tesauro and Galperin 1996; Secomandi
2001). For each instance, the reference gap is defined as the difference between the
best mean performance obtained by the two reference routes and that of the NS-GP
baseline. This replay happens at design time, on the same scenario set that later scores
the evolved rules. Thus, the gap compares the baseline and reference routes under
identical stochastic realisations, while the fixed routes cannot adapt to their outcomes.

Across the 40 instances, the gap averages 4.2% and its geography is sharp. Eight
of the ten Cordeau instances exhibit gaps above 6%, reaching 11.5% for pr05. The
random and mixed short-horizon Solomon groups yield gaps between 4.2% and 9.7%,
whereas the clustered instances remain below 3.4%. The long-horizon series splits
between moderate gaps (4.2% on rc201, 2.9% on r201) and saturated instances in
which no additional reward remains to be collected. Overall, the routes outperform
the baseline on 30 of the 40 instances and underperform it on the remaining ten, all of
which are long-horizon or tightly clustered instances, where the baseline already serves
almost every customer. The two independent solvers provide consistent evidence of
this performance ceiling: they tie exactly on 22 of the 40 instances, the margin between
them stays below one percent on all but two, and PyVRP produces the best route on
five instances. Accordingly, the gap measures the problem rather than solver-specific
behaviour.

A positive gap indicates the potential for an improved decision rule, but does not
imply that the corresponding reference route should be deployed. For the c101, for
example, the fixed reference route loses 0.7% to the adaptive baseline once under
stochastic service durations, and the vocabulary derived from that same route still
enables the evolved rule to outperform the baseline by 1.4% (Section 4). Thus, the
improvement arises from extracting structural information from the reference route,
not from imitating its decision. Figure 2 shows the c101 geometry, with the reference
route and the two rules side by side. Each rule is shown at its best held-out seed, a
retrospective pick for display only. The reference route reaches distant, narrow-window
customers with less total travel, the pattern the reading turns into terminals.

3.2 Reading the routes

The reading is deliberately mechanical, and it is published in full. For each Solomon

instance, two reading tools are available in the repository that compare the reference
route with the thirty baseline rules replayed at σ = 0. The first tool reports coverage
and losses. It lists customers served by the reference route but not by the rules, splits
them into lost by all thirty seeds and lost by the median, profiles them by prize, win-
dow width, opening time, and distance from the depot, and locates them along the
route timeline. The second tool measures four classical mechanics on the same routes
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Fig. 2 c101, left to right: the instance, the NS-GP tour, the reference solver route, and the SI-GP
tour, decoded at σ = 0 with three vehicles. The black square is the depot and the small dots are
unserved customers.

before any terminal exists: visiting order against depot distance, waiting structure,
angular sweep, and mean savings. Aggregated over the thirty instances, the reference
routes exhibit greater angular sweep, 0.61 against 0.55 on the sector score, while the
correlation between visiting order and depot distance is weakly but consistently neg-
ative, −0.12 against +0.04. Waiting depends on the horizon. In short-horizon groups,
a reference plan waits about half as much as a rule plan, 23 against 43 time units,
while in long-horizon groups it waits twice as much, 291 against 146, spending slack
that saturated instances leave free. The rule-side statistics use the five representative
seeds retained in each log.

The sixty logs, two per instance, reproduce byte for byte from the public repository.
The reading covers the thirty Solomon instances on which this work began. The ten

Cordeau instances were introduced later, after the vocabulary had been established.
The per-instance selection in Section 3.4 adapts the vocabulary to these instances,
and Section 4.4 shows that they elect the same families.

c101 illustrates what the reading returns. The reference route serves 32 of the 100
customers against a median of 30 for the rules and collects 810 prize units versus a
median of 780, while travelling less and waiting less: 513 distance units against 659,
and 72 against 110 time units of waiting, respectively, relative to the median seed. One
customer is lost by all thirty seeds. It pays 20 inside a window of 65 time units and
sits 31 distance units from the depot, against an instance average of 28.9. Customers
served by every seed exhibit the opposite profile, averaging 20.4 distance units from
the depot with a prize of 30. In this case, the interpretation is direct: the rules favour
nearby customers and readily collectible prize, whereas the reference route serves more
distant, narrow-window customers at the cost of tighter regional tours.

Move by move, the operations that separate the solver from the rules can be
reduced to four questions that a rule could ask before committing to a candidate: (i)
how much prize stays reachable a few steps beyond it, (ii) what downstream costs the
commitment induces, in terms of customers lost, prize lost, and lateness risk, (iii) how
that cost compares with the value that remains reachable, and (iv) how much of the
horizon is already gone. The eleven baseline features answer none of these questions
directly. The look-ahead pair of Mei and Zhang (2018) came closest, at the training
cost quantified in Section 2.6. The four terminal families in Table 2 implement exactly
these four questions.
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3.3 The solver-informed vocabulary

Constructing terminals for the scenario at hand follows the established practice in
the field, as documented in the terminal tables reproduced by the survey (Zhang
et al. 2024), and the baseline itself follows this approach, with the neighbourhood
score introduced as a constructed feature with explicit motivation (Jackson and Mei
2020). We extend this practice at scale, with the source declared. The eleven baseline
terminals are inherited unchanged. Sixteen of the eighteen constructed terminals are
grounded in published terminals, while two are novel composites. All terminals are
algebraic functions of the decision state, defined below and summarised in Table 2.

Throughout, p is the candidate under evaluation, q ranges over unvisited customers
with prize s(q), window [o(q), c(q)] and expected duration E[d(q)], t(·, ·) is travel time,

and Tmax the shared budget. The vehicle sits at position v at time τ , and f̂p = max(τ+
t(v, p), o(p))+E[d(p)] is the expected finish of the candidate. Realised durations follow
the benchmark model, normal with mean E[d(q)] and standard deviation σE[d(q)],
truncated at zero, with σ = 0.2. Every probability below is a closed-form tail of the
untruncated Gaussian. The cut sits five standard deviations below the mean and leaves
that approximation intact. The simulator clamps its draws at zero. A customer is
feasible from a position and a clock when it can be reached inside its window and the
vehicle can still return in time. Writing a(q) = τ + t(v, q) for the arrival,

F (v, τ) =
{

q unvisited : a(q) ≤ c(q), max(a(q), o(q))+E[d(q)]+t(q, 0) ≤ Tmax

}

, (1)

and NFEAS = |F (v, τ)| is the queue-length analogue.
The reachability family asks what remains reachable beyond the candidate. Our

bit-exact replication of the baseline computes the neighbourhood score as

NS(p) =
∑

q∈F (p, f̂p)

s(q)/t(p, q), (2)

the prize rate of everything still open after p. MAXNS keeps the largest term of
that sum instead. NSTW weighs each term by the unspent fraction of the window,
max(0, 1−wq/(c(q)−o(q))), with wq the waiting time the visit would impose. NSROB
evaluates the same sum with the candidate finishing late by σE[d(p)] and every suc-
cessor duration inflated to (1 + σ)E[d(q)]. REACHk walks k greedy steps instead of
looking one ahead,

REACHk(p) =
k

∑

i=1

s(qi), qi = arg max
q∈F (qi−1, ·)

s(q)/t(qi−1, q), q0 = p, (3)

with times propagated by expected durations and k ∈ {1, 2, 3, 5}, and REACH2ROB
applies the NSROB stress to the two-step walk. The family generalises the one-step
NPT-style look-ahead of the scheduling tables (Zhang et al. 2024) and the look-ahead
pair of Mei and Zhang (2018).
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The window-cascade family asks what committing to p destroys or endangers
downstream. The customers lost by the commitment are

L(p) = F (v, τ) \ F (p, f̂p), NLOST = |L(p)|, SLOST =
∑

q∈L(p)

s(q). (4)

REGRET entered the vocabulary independently, as a deterministic reading of the
expected regret of Bian and Liu (2018), and turns out algebraically identical to SLOST:
both measure the prize mass the commitment forfeits. The vocabulary kept both genes,
the selection treats them as synonyms, and no winning subset elects the two together
(Section 4.4). ATRISK is the chance-constrained counterpart of SLOST. Instead of
counting a successor as kept or lost, it weighs every open successor by its in-time arrival
probability (Varakantham et al. 2018; Bian and Liu 2018) under the uncertainty of
the candidate’s own duration,

ATRISK(p) =
∑

q∈F (v,τ)

s(q)
(

1− IAPq(p)
)

, (5)

where IAPq(p) multiplies two Gaussian factors, meeting the window of q and returning
inside the budget, both driven by σE[d(p)]. IAPD keeps only the sharpest of these
risks,

IAPD(p) = 1
2 erfc

(

c(q∗)− â(q∗)√
2σE[d(p)]

)

, (6)

the probability that the window of the best downstream successor q∗ is missed, with
â(q∗) its expected arrival: one minus the in-time arrival probability of the successor
the greedy walk would take next.

The two novel composites put both sides of a commitment into one number: LOSSR
= SLOST/(NS + 1), the cascade damage per unit of reachable value, and NETLOSS
= SLOST− NS, its net damage. Unlike the other sixteen constructed terminals, nei-
ther has a published parent: they are the only features here that weigh the cascade loss
against the reachable value, and no terminal table we know of carries either combina-
tion. Both intentionally combine units: the terminals feed a generator that composes
arbitrary arithmetic, and the composites are numerical features rather than physical
quantities. The time-pressure pair normalises the state: HFRAC = τ/Tmax, following
RemT, and VISFRAC, the fraction of customers already served, after the satisfied-
fraction terminal of Liu et al. (2017). Every terminal has a closed-form expression.
Where a probability appears, it is a Gaussian tail, never a sample, so a rule composed
from any subset can make decisions without simulation.

The provenance question raised in the introduction therefore has a mechanical
answer. For any terminal in any rule considered in this paper, the chain reads: the
reference routes showed which operations pay, each operation named a concept, and
the concept either restores a field term, derives from a published terminal by a stated
modification, or corresponds to one of the two composites above. The routes informed
what to look for, but no terminal is computed from route data, and no route enters
any formula. Whether a terminal earns its place is decided downstream, by the genetic
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algorithm of the next subsection, and all eighteen terminals are selected from at least
one benchmark instance (Section 4.4).

Table 2 The rule vocabulary: eleven baseline terminals inherited unchanged and eighteen
constructed terminals in four families. All are closed form.

Family Terminal Definition Origin Operational
motivation

Inherited SCORE . . . RemT the ten features of the
baseline GPHH

Mei and Zhang
(2018), Table I

the raw prize, distance
and clock state

NS neighbourhood score of
the candidate

Jackson and Mei
(2020)

prize rate of everything
still open after the can-
didate

Reachability REACH1/2/3/5 k-step greedy walk,
Eq. (3)

NPT-style look-
ahead (Zhang
et al. 2024); look-
ahead pair of Mei
and Zhang (2018)

prize reachable within k
greedy steps beyond the
candidate

NSTW NS weighted by the
unspent window frac-
tion

variant of NS reachable value net of
the waiting each succes-
sor imposes

NSROB NS under the σ-stress pessimistic NS reachable value that
survives a late finish

REACH2ROB two-step walk under
the σ-stress

pessimistic
REACH2

prize reachable in two
steps that survives a
late finish

MAXNS largest term of the NS
sum

max-aggregated
NS

prize rate of the single
best successor

NFEAS |F (v, τ)|, Eq. (1) NIQ analogue
(Zhang et al.
2024)

how many customers
remain feasible

Window cascade REGRET, SLOST prize mass forfeited,
Eq. (4); identical by
construction

expected regret
(Bian and Liu
2018); structural
family

prize the commitment
forfeits downstream

NLOST count of the lost cas-
cade, Eq. (4)

structural regret,
count

how many customers
the commitment loses

ATRISK expected prize at risk,
Eq. (5)

chance-
constrained
SLOST from IAP
(Bian and Liu
2018)

prize at risk under the
candidate’s duration
uncertainty

IAPD miss probability of the
best successor, Eq. (6)

complement of
IAP (Bian and
Liu 2018)

probability of missing
the best downstream
successor’s window

Composite LOSSR SLOST/(NS+1) novel cascade damage per
unit of reachable value

NETLOSS SLOST − NS novel downstream loss net of
reachable gain

Time pressure HFRAC τ/Tmax from RemT (Mei
and Zhang 2018)

how much of the hori-
zon is already gone

VISFRAC fraction of customers
served

satisfied fraction
(Liu et al. 2017)

how much of the
instance is already
served
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3.4 Chromosome and fitness

With eighteen candidate terminals, there are 218 possible vocabularies per instance,
and Section 2.3 established that evaluating one requires running the full GPHH. In the
campaign logs, that unit cost ranges from under a minute on the smallest instances
to approximately forty minutes per evaluation on the largest vocabularies of pr14
(Section 4.5). A search requiring a few hundred such evaluations per instance is afford-
able. This section builds it: a genetic algorithm over terminal subsets whose every
fitness evaluation consists of one complete GPHH execution.

The chromosome is a binary vector of eighteen genes, one per constructed terminal,
and the eleven baseline terminals stay active in every individual. Two genes, REGRET
and SLOST, encode the same function (Section 3.3), so the vocabulary spans seventeen
distinct behaviours. Decoding a chromosome hands the generator the union of both
sets. Fitness is measured through a full run: sixteen independent GP populations of
1024, one per seed, evolve for 51 generations using the activated vocabulary, each
seed returns its best rule, and the sixteen rules are re-scored on a fixed train block
of 64 scenarios drawn once with seed 2 000 000. The fitness of the chromosome is the
mean of those sixteen train scores. The inner GP configuration remains unchanged,
i.e., the generator keeps the exact baseline configuration of Section 4.1, with only its
vocabulary varying across chromosomes.

Three scenario layers keep the search honest. The inner GP trains on its own
rotating samples, the wrapper compares chromosomes on the fixed train block, and the
held-out set of 500 scenarios is not touched until every choice is closed. Sixteen seeds
per evaluation, approximately half the final protocol, is a cost decision, and Section 3.6
describes the correction for it. Evaluations run in lockstep on the GPU, with batches of
up to thirteen chromosomes per launch under per-genome terminal masks, and a fixed
search seed with a persistent cache of per-seed fitness vectors ensures deterministic
and resumable execution.

3.5 The structured population

The population is organised as a ternary tree of thirteen individuals, an arrangement
with a long lineage in memetic algorithms (Moscato 1989; Moscato and Cotta 2003;
Toledo et al. 2014) and at exactly this size, documented as a good compromise between
solution quality and computational effort (Mendes et al. 2005; de Assis et al. 2015,
2019). The thirteen individuals form four overlapping clusters, each consisting of one
leader with three supporters: the root leads the three mid-level nodes, and each mid-
level node leads three leaves. Whenever a supporter beats its leader, the two swap
places, so the best chromosome is always located at the root (Figure 3). Structured
populations control which individuals recombine (Lim 2014), and here this structure
defines the whole reproduction scheme.

Initialisation is informed rather than random. The empty chromosome and the
eighteen singletons are evaluated, and the best thirteen of those nineteen become the
tree. The full chromosome is excluded from seeding, so every run starts from small
vocabularies and expands them. A pilot with random initialisation underperformed
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the singleton-seeded runs on three of four comparable instances and was therefore
abandoned. Both sets of runs are available in the repository.

Reproduction is deterministic and follows the clusters (Toledo et al. 2014): each
leader crosses with each of its three supporters, producing twelve children per gener-
ation. The crossover is uniform (Syswerda 1989), which fits the object under search.
Genes shared by both parents are inherited unchanged, while genes in the symmetric
difference are selected with equal probability, thus an offspring retains the common
core of its parents (Figure 4). The figure draws leader [MAXNS, NSTW, REACH3,
REACH5] against supporter [REACH5, REACH2ROB], and the child, after one flip,
is [REACH5, REACH2ROB], the confirmed champion of pr14. The draw is illustra-
tive, the chromosomes are real. Each offspring then undergoes bit-flip mutation with
probability 0.5/18 per gene (Bäck 1993), serving as background variation rather than
a primary search mechanism. An offspring replaces the worse of its two parents when
it improves upon it. When the population collapses to six or fewer distinct chromo-
somes, two random chromosomes are reinjected into the bottom leaves, following the
small-population reset used in micro-genetic algorithms (Krishnakumar 1989). The
search stops after ten generations without improvement of the best individual, with
a fifty-generation cap as a safeguard that no campaign run ever reached. Algorithm 1
summarises these stages.

g0

g1 g2 g3

g4 g5 g6 g7 g8 g9 g10 g11 g12

Fig. 3 The structured population: thirteen chromosomes on a ternary tree of four overlapping leader–
supporter clusters. Three clusters are the dashed boxes; the fourth is the root with the three mid-level
nodes (thick dashed edges).

3.6 Confirmation and the cross-validatory choice

Sixteen seeds provide an effective search signal, but the pr14 log shows why they are
insufficient for the final call. The finalists of a run, the thirteen tree slots deduplicated
and sorted with ties broken toward fewer genes, have their top six re-evaluated using
all thirty seeds. On pr14 this confirmation reordered the ranking: the proxy leader
decreased from 1220.9 to 1214.4, while [REACH5, REACH2ROB], fourth by proxy at
1217.8, confirmed at 1218.4 and became the champion. Every instance in the campaign
retained its confirmed champion.
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Fig. 4 One reproduction, drawn with two pr14 finalists. Blue cells are active genes, yellow borders
the divergent genes drawn at fifty-fifty, red the mutation flip.

Algorithm 1 Per-instance terminal-subset search

1: evaluate the empty chromosome and the 18 singletons ▷ each evaluation: one full
GPHH run, cached

2: the best 13 form the ternary tree
3: for generation 1 to 50 do

4: if distinct chromosomes ≤ 6 then

5: reinject 2 random chromosomes into the bottom leaves
6: end if

7: for each cluster, each of its 3 supporters do
8: child ← mutate(uniform crossover(leader, supporter))
9: evaluate child

10: if child improves on the worse of its two parents then
11: replace that parent with the child
12: end if

13: end for

14: restore the hierarchy: swap any supporter above its leader
15: if 10 generations without a new best then break

16: end if

17: end for

18: deduplicate the finalists, confirm the top 6 at 30 seeds
19: champion ← best confirmed mean, ties toward fewer genes
20: cross-validatory choice between champion and NS-GP on the train block, held-out

read once

The deployed rule is then decided by cross-validatory choice (Stone 1974). Specif-
ically, the thirty final rules of the champion and the thirty NS-GP baseline rules are
evaluated on the same train block, the member with the better mean train score is
selected, and the held-out set is read once for reporting. The baseline is always included
as a candidate, in the spirit of the SATzilla backup (Xu et al. 2008), ensuring that
the deployed rule cannot have a lower training score than NS-GP by construction.
The resulting held-out performance is the subject of Section 4.

The wrapper cost is documented in the published campaign logs: a median of 113
full GPHH executions per instance, ranging from 65 to 295, and over 5000 in the
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whole campaign, all paid once, at design time. The next section specifies the evaluation
protocol used for all subsequent results.

4 Results

4.1 Experimental setup

All experiments use the forty benchmark instances of the stochastic TOPTW, five per
dataset from the Solomon c, r, and rc groups at both scheduling horizons and from
the Cordeau pr set, following the selection introduced by Mei and Zhang (2018) and
retained by subsequent studies. Instance sizes range from approximately 50 to 288
customers, with a fleet of three vehicles. Every deterministic duration d(p) becomes the
random variable D(p) ∼ N (d(p), σ d(p)), with mean and standard deviation defined
as in the lineage, using the benchmark uncertainty level σ = 0.2 (Mei and Zhang
2018), truncated at zero in our implementation (Section 3.3).

Every reported score is the mean over 30 independent runs of the generator, and
each run is evaluated once on a held-out set of 500 scenarios, the sample size used
by the lineage for a precise approximation of expected performance (Mei and Zhang
2018). The 500 scenarios are drawn with a fixed seed and shared across all methods
and every rule, providing common random numbers and enabling paired comparisons
by seed index in Section 4.3. The thirty runs measure the training procedure itself.
Deploying a single rule would mean selecting one run by its train score, never by the
held-out read. No evolved rule accesses the held-out set before the final campaign,
which reads it exactly once per experiment. The same set is used earlier, in Section 3.1,
to replay the frozen reference routes as a design-time measurement of fixed policies,
with no terminal, parameter, or choice tuned on the draws. Training, by contrast,
follows the instance-rotation protocol of Mei and Zhang (2018): a single fresh sample
is drawn per generation using the run’s seed.

The NS-GP baseline is re-evolved with our engine under exactly the configuration
of Table 3. Re-evolving it, rather than transcribing published scores, places both sides
of every comparison on the same engine, scenarios, and hardware. The engine is verified
bit-exact between its GPU and CPU paths by the six gates shipped with the repository.
The campaign ran on three consumer NVIDIA GPUs, an RTX 5090, an RTX 4090 and
an RTX 5060 Ti. Every timing figure comes from the RTX 5090 alone. Runtime results
are reported in Section 4.5. Table 3 summarises the setup: the generator block is the
baseline configuration of the lineage unchanged, while the wrapper block consolidates
Sections 3.4 to 3.6 in one place.

4.2 Experimental Results

Table 4 reports the held-out outcome on the forty instances, for both methods pre-
sented as mean and standard deviation over the same thirty paired runs. SI-GP
improves upon the NS-GP baseline by 1.0% on average, with 36 wins, 4 ties, and
no losses. The deployed rule is the evolved rule on thirty-eight instances. On pr13
and rc205, cross-validatory selection instead retained the baseline, and these instances
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Table 3 Every parameter of the pipeline. The generator block is identical to the NS-GP baseline
configuration; the wrapper block summarises Sections 3.4 to 3.6.

Parameter Value Source

Problem benchmark instances 40, five per dataset (Mei and Zhang
2018; Jackson and
Mei 2020)

vehicles m = 3 (Mei and Zhang
2018)

uncertainty D(p) ∼ N (d(p), σd(p)), σ =
0.2

(Mei and Zhang
2018)

held-out evaluation 500 scenarios, common ran-
dom numbers, read once

(Mei and Zhang
2018)

runs per configuration 30 independent (Mei and Zhang
2018)

Generator (GP) population, generations 1024, 51 (Mei and Zhang
2018)

initialisation ramped half-and-half, maxi-
mal depth 8

(Mei and Zhang
2018)

function set +, −, ×, protected ÷ (= 1
at zero), min, max

(Mei and Zhang
2018)

selection, elitism tournament 7, elitism 10 (Mei and Zhang
2018)

crossover, mutation, reproduction 0.80, 0.15, 0.05 (Mei and Zhang
2018)

training samples 1 per generation, instance
rotation

(Mei and Zhang
2018)

Wrapper (GA) population 13, ternary tree (Toledo et al.
2014)

crossover, mutation uniform, 0.5/18 per gene (Syswerda 1989;
Bäck 1993)

fitness seeds, confirmation seeds 16, 30 Sect. 3.4
fitness train block 64 scenarios, fixed seed Sect. 3.4
stop, guard 10 stagnant generations, 50

cap
Sect. 3.4

finalists, reinjection top 6 confirmed, 2 random at
≤ 6 distinct

Sect. 3.4

contribute zero to all aggregates, as implied by the backup construction. Ten improve-
ments remain significant after Holm correction, marked by bullets in the table, and
all ten have large effect sizes (Section 4.3).

By analysing the results obtained, it is possible to observe that the gains follow
the geography of the reference gap. The random short-horizon family averages +2.8%,
including the two largest gains, r105 at +3.6% and r103 at +3.5%. The mixed and
clustered short-horizon families average +1.5% and +1.3%, respectively, while the
Cordeau groups average +1.2% and +0.8%. The long-horizon families show smaller
gains, between +0.1% and +0.3%, where the baseline already serves nearly every
customer and Section 4.4 indicates there is nothing left to collect. Excluding the ten
instances the baseline saturates outright, the average gain is 1.3%. Figure 5 orders the
forty official gains, while Figure 6 shows the per-seed distributions by family.

Two internal anchors further contextualise the results. The lower one is NS-GP
itself: the eleven baseline terminals stay active in every individual, so the empty chro-
mosome is the baseline, available on every instance and scoring zero because every
gain is measured against it. That is what carries the never-trains-below construction
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of Section 3.6 to the held-out side as never worse. The upper one is the virtual best
of the per-instance portfolio, the member that would be selected with held-out access,
which also averages +1.0%. The train-side choice matches it on thirty-nine of forty
instances, and on the exception, r204 (Section 4.3), the two differ by 0.03 points.

Figure 7 shows the search trajectory through the family-mean best-so-far train gain
per GA generation, starting from individuals with a single active gene. Families that
achieve held-out gains are those that exhibit sustained improvement, whereas the long-
horizon families show limited progression, and every run stopped due to stagnation.
The wrapper searched and converged, and the gains appeared where the reference gap
of Section 3.1 indicated there was something to find.

An ablation isolates the two halves of the method on the ten instances of
Table 5. The set comprises the strongest SI-GP cases, therefore, the analysis is con-
ditional on that choice, rather than an estimate of the average selection benefit over
the benchmark, and its p-values are exploratory. Handing the generator the whole
eighteen-terminal vocabulary, without selection, lifts the baseline by 1.31% on aver-
age and never underperforms it, a significant paired win on seven of the ten instances.
The elected subsets average 2.36% on the same ten instances. They sit above the unre-
stricted vocabulary on nine, five of the paired differences are significant, and the sole
exception, c101 at −0.23%, is not statistically distinguishable from zero (p = 0.88).
pr01 provides the clearest contrast: the unrestricted vocabulary ties the baseline there
(p = 0.80) and the elected subset carries the whole +2.85%. On these ten, vocabulary
selection concentrates the search in ways that the unrestricted vocabulary does not.
The ten ablation runs cost 36 minutes on the RTX 5090, and their traces and paired
statistics are included in the repository.

Fig. 5 The forty official held-out gains over NS-GP, ordered. Dots mark the ten instances significant
after Holm correction. The four zeros on the right are the two backup instances and the two ties.

4.3 Statistical analysis

Every test in this section uses the same thirty paired runs of Section 4.1. Because the
two methods share seeds and scenarios, the natural per-instance test is the Wilcoxon
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Table 4 Held-out results on the forty instances: mean (std) over the thirty paired runs of each
side, the official gain (backup instances enter as zero), and the deployed rule. • marks gains that
survive Holm correction (Section 4.3).

Instance NS-GP SI-GP Gain (%) Deployed

c101 763.92 (14.40) 774.57 (14.78) +1.39• SI-GP
c102 860.52 (11.06) 872.86 (11.36) +1.43• SI-GP
c103 906.09 (10.70) 914.49 (4.13) +0.93• SI-GP
c104 953.03 (10.24) 958.06 (7.83) +0.53 SI-GP
c105 807.85 (18.71) 824.39 (6.83) +2.05• SI-GP
c201 1779.29 (12.22) 1784.14 (3.67) +0.27 SI-GP
c202 1795.22 (7.01) 1796.87 (5.03) +0.09 SI-GP
c203 1785.05 (19.06) 1791.28 (8.20) +0.35 SI-GP
c204 1798.44 (6.10) 1799.34 (7.35) +0.05 SI-GP
c205 1802.82 (5.64) 1803.68 (4.42) +0.05 SI-GP
r101 441.14 (7.43) 453.18 (6.75) +2.73• SI-GP
r102 616.02 (13.92) 623.07 (9.37) +1.14 SI-GP
r103 650.62 (20.27) 673.33 (10.91) +3.49• SI-GP
r104 709.54 (15.74) 729.78 (11.12) +2.85• SI-GP
r105 548.58 (27.06) 568.30 (9.18) +3.59• SI-GP
r201 1369.84 (20.92) 1373.50 (12.54) +0.27 SI-GP
r202 1427.25 (12.40) 1432.49 (9.77) +0.37 SI-GP
r203 1456.39 (1.19) 1456.81 (0.96) +0.03 SI-GP
r204 1457.96 (0.11) 1457.93 (0.10) +0.00 SI-GP
r205 1456.85 (1.52) 1457.28 (0.72) +0.03 SI-GP
rc101 561.72 (14.45) 571.85 (9.28) +1.80 SI-GP
rc102 618.53 (15.33) 627.96 (11.94) +1.52 SI-GP
rc103 667.89 (14.77) 675.63 (16.82) +1.16 SI-GP
rc104 728.42 (15.71) 745.14 (13.65) +2.30• SI-GP
rc105 616.16 (8.51) 619.46 (11.31) +0.54 SI-GP
rc201 1592.88 (34.34) 1603.91 (9.47) +0.69 SI-GP
rc202 1661.76 (14.78) 1668.79 (11.91) +0.42 SI-GP
rc203 1715.02 (8.03) 1718.07 (4.47) +0.18 SI-GP
rc204 1723.89 (0.36) 1723.93 (0.25) +0.00 SI-GP
rc205 1627.95 (31.13) 1627.95 (31.13) +0.00 NS-GP
pr01 570.51 (10.84) 586.78 (6.63) +2.85• SI-GP
pr02 853.61 (13.81) 861.81 (12.87) +0.96 SI-GP
pr03 899.89 (17.86) 902.75 (20.17) +0.32 SI-GP
pr04 1136.79 (27.18) 1150.08 (18.51) +1.17 SI-GP
pr05 1301.60 (21.27) 1311.41 (28.63) +0.75 SI-GP
pr11 622.07 (13.28) 631.53 (9.22) +1.52 SI-GP
pr12 910.45 (18.14) 918.27 (17.48) +0.86 SI-GP
pr13 1046.43 (14.24) 1046.43 (14.24) +0.00 NS-GP
pr14 1201.22 (21.29) 1218.53 (26.06) +1.44 SI-GP
pr15 1477.67 (22.30) 1480.22 (25.56) +0.17 SI-GP

mean +1.01 38 SI-GP, 2 NS-GP

signed-rank test on the thirty per-seed differences, a paired test that exploits common
random numbers and is more powerful in this setting than the unpaired rank-sum
used in the lineage (Mei and Zhang 2018; Jackson and Mei 2020). The forty per-
instance tests constitute a single family; their p-values are therefore adjusted using the
sequentially rejective correction of Holm (1979). Alongside every p-value we report the
Vargha and Delaney (2000) A12 effect size, representing the probability that a random
SI-GP run outperforms a random baseline run on the same instance.

At α = 0.05, the paired test identifies significant improvements on 18 of the 38
evolved instances for which the evolved rule is deployed. One additional instance, r204,
shows a significant difference in the opposite direction, with 3 wins and 27 losses at
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Fig. 6 Per-seed held-out gains of the thirty evolved rules over the NS-GP mean, by instance family.
The short-horizon and Cordeau families carry the gains, the long-horizon families sit at zero.

Fig. 7 Family-mean best-so-far train gain per GA generation, from the singleton-seeded start. Curves
end where the last run of the family stopped by stagnation.

p = 1.6× 10−4, despite a difference of only 0.03 points relative to a mean near 1458.
Table 4 rounds official gains to two decimals and therefore reports this case as a draw.
Treating it as a loss would move the 36–4–0 count but not any mean, test statistic,
or effect size, all of which are computed from the same thirty paired differences. After
Holm correction, ten improvements remain significant, all with large effects, A12 ≥ 0.71
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(Table 5). The complete forty-line instance table, including all p-values, corrections,
and effect sizes, is provided in the repository.

Following Demšar (2006), we also perform a global Wilcoxon signed-rank test over
the forty per-instance mean differences. It rejects the null hypothesis at p = 1.7 ×
10−7, with 36 wins, 4 draws, and no losses. For comparability, we additionally apply
the lineage’s unpaired rank-sum criterion at α = 0.05; it marks 19 of 38 evolved
instances, one more than the paired count, including rc204, whose official gain is a
literal zero. With such small performance differences, statistical significance does not
necessarily imply practical relevance, motivating the inclusion of an effect size with
every statistical claim in this paper.

The remaining guarantees are structural. The deployed selection never achieves a
lower training score than the baseline (Section 3.6) and was also never worse in the
held-out evaluation. The two backup instances contribute zero to every aggregate, as
specified in Table 4. Every score is a mean over the thirty runs, never a best of any
number of them, and the evolved rules access the held-out scenarios exactly once, after
all design decisions are finalised. The earlier evaluations in Section 3.1 concern fixed
policies that were not calibrated using held-out draws and provide no parameters to
the proposed method.

Table 5 The ten instances whose paired gains survive Holm correction over the family of forty
tests. A12 is the probability that a random SI-GP run beats a random NS-GP run of the same
instance; all ten are large effects.

Instance Gain (%) p pHolm A12

c105 +2.05 5.6× 10−9 2.2× 10−7 0.91
pr01 +2.85 1.6× 10−7 6.2× 10−6 0.90
r103 +3.49 4.4× 10−6 1.6× 10−4 0.87
r101 +2.73 5.1× 10−6 1.9× 10−4 0.89
r104 +2.85 5.1× 10−6 1.9× 10−4 0.93
r105 +3.59 9.2× 10−6 3.1× 10−4 0.84
c102 +1.43 3.9× 10−5 1.3× 10−3 0.81
rc104 +2.30 2.1× 10−4 6.5× 10−3 0.83
c101 +1.39 5.1× 10−4 1.5× 10−2 0.81
c103 +0.93 6.1× 10−4 1.8× 10−2 0.75

4.4 Interpretability and mechanism

Figure 8 shows the terminal subsets selected by the search for each instance, with
both axes grouped by family. The subsets are small, ranging from one to seven termi-
nals with a median of two, and thirteen instances elect a single constructed terminal.
Reachability dominates: REACH2 appears in 13 of the 39 winning subsets, VISFRAC
in 11, REACH3 and IAPD in 10 each, and all eighteen terminals are selected in at least
one subset. The identity of Section 3.3 is also reflected in the results, i.e. REGRET
appears in one subset (r101), SLOST in two (c104, rc102), and no subset elects both.
The ten Cordeau instances, introduced after the vocabulary was fixed, elect the same
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terminal families identified by the Solomon analysis, with look-ahead predominating,
and risk and cascade following. Two columns need a note: the pr13 subset was sub-
sequently discarded by cross-validation, while rc205 retained the baseline, yielding an
empty column.

Figure 9 examines one champion, the pr14 rule at its best held-out seed, selected
retrospectively for interpretation, +4.7% over the baseline mean in thirty-seven nodes.
Its selected subset is [REACH5, REACH2ROB], and the tree illustrates what election
does and does not decide: this seed composes REACH5 three times, twice amplifying
the candidate’s prize in the numerator and once contributing to the time normalisation,
while REACH2ROB is never invoked. Election bounds what the GP may use, while
composition stays free. The resulting rule can be interpreted as a prize-per-travel score
scaled by the five-step reachable prize, corresponding to the radial reach shown for
the pr14 in Figure 12.

Table 4 provides evidence for the mechanism behind the aggregate: on 29 of the 38
evolved instances, SI-GP has a lower standard deviation than the baseline, with rc201
showing an almost fourfold reduction. Figure 10 further characterises this variance.
For each instance, we correlate the per-seed gain with the held-out score of the paired
baseline run. All thirty-nine correlations are negative, with median −0.80, indicating
that the evolved rules gain most where the baseline run converged worst. Part of that
slope is arithmetic, since gains computed relative to the corresponding baseline lean
negative whenever the baseline varies, so we read these correlations as supporting
evidence alongside the variance results rather than as independent proof. With the
constructed terminals included in the primitive set, fewer runs converge to fragile rules,
which fits a vocabulary regularising the GP search rather than merely increasing prize.
r105 shows both halves at once. Its weakest baseline seeds are rescued outright, the
per-seed floor rises from 438.7 to 548.4, and the twenty-seven seeds outside the rescue
still gain +2.3% on average, 22 wins to 5 losses, quality under noise rather than the
repair of a few bad runs. c203, deep in the saturated family, shows the regularisation
effect more directly: 91% of its small gain comes from the three weakest baseline seeds,
the standard deviation across seeds falls from 19.1 to 8.2, and the other twenty-seven
seeds break even. This pattern is not universal. On pr05, pr14, and pr15, the standard
deviation rises with the mean, indicating a trade-off between variance and prize, so
there is a tendency for the regularising signature to be strongest on the Solomon

groups.
The magnitude of the gain is associated with a single static quantity. Figure 11

plots the official gain against the coverage of the best baseline seed decoded at σ = 0,
the fraction of customers NS-GP already serves without noise. The ten grey instances
at 100.0% correspond to the long-horizon groups in Table 4: the baseline already serves
every customer, leaving no additional prize to collect, so gains are limited by stabili-
sation effects. On r204 and rc204, the thirty runs of both sides land within a fraction
of a point, yielding a literal zero gain, while c201 and c203 retain stochastic variation
across seeds and obtain small positive gains consistent with partial variance reduction.
Below saturation, every Solomon instance with a gain above 2% has coverage between
20% and 36%, but coverage alone is not predictive: pr13, at 45.1%, is the only instance
whose evolved rule is discarded, while pr01 gains +2.9% at 85.4% and pr11 +1.5% at
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93.8%. Low coverage therefore indicates that a gain is available, not that a subset will
find it.

Figure 12 presents the geometric interpretation, with one instance per benchmark
family and the deployed rule shown alongside the paired baseline and reference route.
In c102, the reference partitions the plane into sectors, and the evolved rule recovers
the partition where the baseline tangles its three tours through the centre. The r103
baseline abandons the eastern side of the map entirely, exactly the sector the reference
serves, and the evolved tours extend eastward. In rc104, the reference assigns one
vehicle to the distant southern cluster, a structure also recovered by SI-GP. pr14 is
the starkest: the baseline remains concentrated in the dense centre whereas both the
reference and the evolved rule extend outward. In the saturated c205, the control, the
three columns nearly coincide. No rule ever saw a route. The route patterns re-emerge
because the terminals that survived election are the ones that name them.

Fig. 8 The winning terminal subsets of the per-instance search, terminals by instances, both grouped
by family.

4.5 Computational cost

Table 6 quantifies the fundamental computational unit underlying the experiments:
one complete GPHH execution, thirty seeds of a 1024-individual, 51-generation run
with instance rotation, timed on the RTX 5090 (Section 4.1). Under the baseline
vocabulary the unit costs 21 seconds on c101 and 188 on pr15. Four constructed
terminals raise this to 36 and 1092 seconds, corresponding to factors of 1.7 and 5.8
that grow with instance size. This increase arises because the reachability and cascade
families enumerate open successors at every decision, the same enumeration that made
the look-ahead variant of the lineage “much less efficient” (Mei and Zhang 2018). The
held-out column quantifies the evaluation cost. Scoring all thirty rules from a run
across 500 scenarios requires between 0.1 and 12.5 seconds.
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Fig. 9 The pr14 rule at its best held-out seed, thirty-seven nodes.

Fig. 10 Left: per-instance correlation between the per-seed gain and the held-out score of the paired
baseline run. Right: the strongest case, r105.

Hardware and implementation separate the two engines by orders of magnitude,
ECJ executes on a CPU, whereas the proposed implementation uses CUDA on a con-
sumer GPU. The comparison of Section 2.6 against Table 6 is structural rather than
numerical: vocabulary classes that were previously computationally prohibitive now
require minutes, reversing the asymmetry that discouraged rich terminals. This reduc-
tion makes the wrapper affordable at all. Each chromosome evaluation requires one
full GPHH execution at sixteen seeds, and each confirmation uses thirty seeds. The
campaign incurred a median of 113 executions per instance (Section 3.6). The com-
putational burden is most pronounced in the published logs, i.e. each confirmation
evaluation on pr14 required 2517 seconds, and confirmation of its six finalists took
slightly over four hours, wall clock time. The reference computation was likewise per-
formed once: the cuOpt routes behind the gap of Section 3.1 used a 900-second budget
per instance, with PyVRP supplying the winner on five instances.
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Fig. 11 Official held-out gain against the coverage of the best NS-GP seed decoded at σ = 0. Grey
marks the ten instances the baseline already serves completely.

These costs are incurred entirely at design time. The deployed artefact is a tree such
as that in Figure 9, deciding the next customer evaluates one arithmetic expression
per open candidate, without a scenario sampled or a solver called. Thus the whole
design cost, GP, GA, confirmation, and reference routes together, is incurred before
the first deployed decision.

Table 6 Wall-clock seconds on the RTX 5090 for one complete GPHH execution under the
eleven-terminal baseline vocabulary and with four constructed terminals added, and for the
held-out evaluation of all thirty resulting rules.

Train Held-out

Instance Customers 11 terms 15 terms 11 terms 15 terms

c101 100 21 36 0.1 0.3
r201 100 69 134 0.3 1.0
pr15 240 188 1092 1.7 12.5

29



Fig. 12 One instance per benchmark family, rows c102, r103, rc104, pr14 and c205. Columns: the
NS-GP tour, the winning reference route, and the SI-GP tour, the two rules decoded at σ = 0 at
their best held-out seeds, chosen for the picture only, with three vehicles. Small dots are unserved
customers.

5 Conclusions

This paper proposed a method for evolving interpretable dispatching rules that cap-
ture part of the gap to high-quality offline solvers while making deployment decisions
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without any simulation. On the forty-instance stochastic TOPTW benchmark, the
deployed rules improve the re-evolved NS-GP baseline by 1.0% on average and by 1.3%
outside saturation, without underperforming on any instance. Ten instances remain
significant after Holm correction, all with large effects. From the results, it is possible
to conclude that the average deployed gain recovers approximately one quarter of the
measured reference gap. The three objectives of the study were addressed sequentially.
Route analysis produced 18 constructed terminals, 16 grounded in published terminals,
and two novel composites, with an explicit chain from route operation to literature
source and election record. The structured-population GA made per-instance selection
affordable, requiring a median of 113 full GPHH executions per instance, and select-
ing compact vocabularies, with a median size of two terminals. The paired evaluation
protocol validated the gains, while Section 4.4 provided an explanation: the evidence
is consistent with the vocabulary regularising the GP search, cutting the run-to-run
deviation and improving weak seeds where the baseline converges worst, and the σ = 0
coverage of an instance indicates the remaining potential for prize collection.

The clearest limitations of SI-GP are the three instances for which the pipeline did
not deploy an improvement. On pr13, the subset selected by the search underperformed
the baseline on the training choice; consequently, the backup rule was deployed, and
the held-out evaluation confirmed the choice, with the evolved rule obtaining −0.1%.
On rc205, the search itself returned the bare baseline. Both instances contribute zero
to the aggregates rather than losses, as intended by the backup mechanism, although
their reference gaps are +7.9% and +3.5%, respectively, indicating prize that high-
quality solvers can collect but current vocabulary cannot encode. pr15 provides an
even stronger example. Despite exhibiting the second largest gap in the benchmark
(+11.1%), its champion is the REACH5 singleton, and the deployed gain is +0.2%.
The wrapper converged there, with every run stopped by stagnation. This suggests
that the limitation lies not in search effort, but in the expressive power of the current
vocabulary or rule representation.

The evidence presented is restricted to a single problem domain: forty instances
of the stochastic TOPTW, the three-vehicle fleet, the uncertainty level σ = 0.2 inher-
ited from the lineage, and one held-out evaluation protocol. The proposed pipeline
is not specific to orienteering problems: reference routes, route reading, literature
grounding, and per-instance selection define a procedure that can transfer to other
domains. Nevertheless, all quantitative results reported here are specific to TOPTW.
The benchmark also illustrates where computational effort is justified. Ten of the
forty instances are saturated by the baseline, and their searches returned at most
+0.35%. The millisecond σ = 0 decode of Figure 11 identifies such cases in advance.
They were included here to support the never-worse claim, but practical applications
should prioritise instances with remaining improvement potential. The vocabulary
factor described in Section 4.5 also increases with instance size, making exhaustive per-
instance searches on substantially larger problems computationally demanding. Two
wrapper controls remain unexplored: a random search over subsets under the same
evaluation budget and a flat genetic algorithm of equal size. The random-initialisation
pilot of Section 3.5 and the published stagnation ablation provide partial evidence on
this question, but the specific contribution of the structured population is not isolated,
and is not measured here.
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Three directions emerge for future research. The first is a static per-instance selec-
tor. The campaign produced forty elected subsets and associated instance descriptors,
namely the σ = 0 coverage, enabling the development of predictive models that map
instance features to terminal subsets. Such models could provide immediate recom-
mendations, support informed initialisation of the GA, or act as portfolio selectors
over evolved champions. The second direction is the remaining reference gap, particu-
larly on instances such as pr15, where additional route analysis may reveal operations
not captured by the current vocabulary. The third is transfer to neighbouring GPHH
domains, including dynamic job shop scheduling and uncertain arc routing, where
high-quality offline solvers are already available.

The engine, benchmark instances, baseline runs, reference routes, traces, and
complete per-instance statistical table are publicly available. The implementation is
verified bit-exact between its CPU and GPU paths, and every number in this paper
can be reproduced from the released artefacts. However, the deployed solution remains
compact. An arithmetic tree with a few dozen nodes per instance, evaluated for each
candidate in microseconds, without solver calls or scenario sampling. The complete
decision policy can therefore be embedded directly into operational systems, which is
precisely the motivation that originally inspired this work.
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