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ABSTRACT

This article comprises a set of commentaries provided by scholars in the field for the discussion
paper by Mor Orsenigo and Speranza. Though all appreciate the integration of optimisation

KEYWORDS
Optimisation; learning;
computation; practice

and Machine Learning, and considered the topic to be timely and challenging their views also
highlight several aspects that ought not to be ignored. The authors then produced their
responses to these challenging commentaries in a concise and forward looking spirit. For sim-
plicity, the commentaries are put in alphabetical order of the authors surnames.

Okan Arslan—HEC Montréal, Canada

Gilbert Laporte—HEC Montréal,
Canada and School of Management,
University of Bath, UK

Mor, Orsenigo and Speranza take on a question that sits
behind many hallway conversations in our community:
is supervised learning moving towards replacing opti-
misation in decision support, or are we entering an era
where the two can be designed as true complements?
The authors answer carefully: they distinguish between
what optimisation and supervised learning fundamen-
tally do in decision-making pipelines, and then map the
increasingly rich set of interaction patterns between
them, from “predict-then-optimize” to decision-focused
learning and, at the far edge, end-to-end learning.

What is most compelling is the paper’s insistence on
separating “goals” from “tools”. Optimisation, as framed
here, is a problem-model-algorithm workflow, where
modelling is a deliberate act of abstraction and value-
setting: choosing decision variables, constraints, and
objectives that reflect what we believe should happen.
Supervised learning, by contrast, is primarily a pattern-
extraction workflow, turning historical labelled instances
into a trained predictor that can be updated as new data
arrive. This distinction is not semantic; it reveals why
“replacement” is a misleading benchmark. Even if learn-
ing systems could output feasible solutions quickly, the
question “optimal with respect to what?” does not

disappear—it merely becomes implicit, buried inside
labels, loss functions, and the biases of past decisions. It
also clarifies a second, practical fault line the authors
emphasise: predictive accuracy need not translate into
decision quality, motivating decision-focused learning
that trains against decision loss rather than prediction
loss.

The paper’s emphasis on distribution signals a
broader point: what instances are we training on, bench-
marking on, and ultimately deploying on? The authors
propose “ML-enhanced instance generation” as an
underexplored direction: learn generators that better
reproduce the structure of real instances, so that algo-
rithm selection and evaluation become less stylised and
more transferable. This direction is promising, yet it
exposes a tension in today’s OR-ML interaction. Much
of learning-augmented optimisation implicitly assumes
that training distributions are stable and representative.
Yet many operational environments are not: demand
regimes and networks change, and what counts as
“typical” can shift abruptly. In such settings, the most
valuable contribution of OR may be exactly what super-
vised learning struggles with: explicit feasibility, safety
margins, robustness to worst cases, and a capacity to
reason about counterfactuals rather than correlations.

OR’s distinctive contribution is not only solving hard
deterministic models, but designing decisions that
remain acceptable when travel times, demands, and
costs are random or change regime—through robust-
ness, stochastic optimisation, and explicit risk measures.
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Supervised learning can strengthen when it moves
beyond point predictions towards calibrated uncertainty
that optimisation can use: predictive distributions, sce-
nario generators that preserve correlations, and signals
of “out-of-distribution” instances where the safest action
may be to hedge or defer. This also reframes the pre-
dict-then-optimise critique in practical terms: the goal is
not the lowest mean-squared-error, but uncertainty
information that is decision-relevant.

The section on end-to-end learning is appropri-
ately cautious: amortising expensive solve time into
training is tempting, but feasibility, variable-size
outputs, the need for labelled solutions, and general-
isation outside the training dataset are not side
issues, they are the main points. Many OR problems
are hard because the decision space is combinatorial
and heavily loaded with constraints, so that small
prediction errors can create infeasibility or large
regret. This is why the most credible near-term dir-
ection is not “learning instead of optimization,” but
“learning-guided optimization with optimization
safeguards”, so that learning proposes and optimisa-
tion verifies, repairs, and certifies.

The paper’s conclusion with “partners, not compet-
itors” lands at a moment when OR-ML hybrids are
becoming the default expectation in many applica-
tions, forcing us to be explicit about what is normative
(objectives/constraints) and what is learned (data-
driven structure). The future, then, should not be
measured by whether learning can “beat” a solver on
a benchmark, but by whether hybrid pipelines can
deliver decisions that are faster, safer, more transpar-
ent, and more aligned with what decision makers (and
societies) actually value. Congratulations to the authors
for a timely and clarifying synthesis that helps set a
constructive agenda for the OR-ML interface.

ORCID

Kate Smith-Miles
7680

http://orcid.org/0000-0003-2718-

Carmine Cerrone—Department of
Economics and Business Studies,
University of Genoa, Italy

Bruce L. Golden—Robert H. Smith
School of Business, University of
Maryland, U.S.A

At a high level, Mor et al. (2026), in their provocative
article, explore the connection between operations
research and machine learning/artificial intelligence. To
make their analysis more specific, they focus on the

relationship between optimisation and supervised learn-
ing in decision making. They point out that optimisa-
tion can be used to speed up or improve supervised
learning algorithms and vice versa. A fundamental ques-
tion is: Are optimisation and supervised learning com-
petitive or cooperative methodologies?

In machine learning (ML), three common and
important examples of supervised learning are linear
regression, nonlinear regression, and neural net-
works. In regression, we find the best model (i.e.,
coefficients) by minimising the sum of squared
errors. In linear regression, this is a convex func-
tion, and a global minimum is easily obtained. In
nonlinear regression, we are often minimising a
non-convex function in which case there is no guar-
antee that we will find the global minimum. In
training a neural network to obtain the best edge
weights, we need to minimise a non-convex loss
function. Again, there is no guarantee of obtaining
the global minimum. Clearly, optimisation is essen-
tial in the implementation of supervised learning.

Ideas from machine learning have recently been
incorporated into heuristics to obtain near-optimal
solutions to a wide variety of NP-hard problems in
combinatorial optimisation. But starting in the
1980s, Tabu Search used memory to guide the
search process (see Glover, 1989, 1990). In particu-
lar, the search was influenced by the history of the
intermediate solutions it encountered. This was an
early example of learning and, for several decades,
Tabu Search, developed by Fred Glover, was one of
the most powerful metaheuristics available.

The Carousel Greedy (CG) algorithm was proposed
in 2017 (Cerrone et al., 2017). Unlike learning- based
approaches, CG exploits the information generated
during the greedy construction phase to guide subse-
quent decisions. In contrast, a recent paper by
Dragone et al. (Dragone et al.,, 2025) introduces a new
metaheuristic, called Data-Dependent Carousel Greedy
(DDCG). This procedure enhances the original CG
framework by incorporating adaptive, data-driven
mechanisms that explicitly depend on the observed
data. The performance of this metaheuristic is impres-
sive, as it outperforms existing metaheuristics and
runs in a reasonable amount of computational time.

With respect to exact methods in integer and
mixed integer linear programming (MILP), more
formal supervised learning methods have been
shown to improve performance and numerical sta-
bility. For example, Zhang et al. (2026) design a
reinforcement learning/neural network model that
learns how to select cutting planes in MILP.

Of course, there are other articles in which a
supervised learning model, typically a neural net-
work, is embedded within an MILP. For example,



see Li et al. (2025), Stinchfield et al. (2025), and
Moreno-Palancas et al. (2025).

In Li et al. (2025), The authors present an MILP
model in which a deep neural network (DNN) is
embedded for fault prediction and production opti-
misation in tablet pressing machines. The DNN
estimates failure probabilities from operational
parameters and these predictions are used within
the MILP to optimise process conditions, produc-
tion scheduling, and maintenance planning in order
to maximise profit. ReLU activations are linearised
using Big-M constraints, ensuring global optimality.
A case study reveals improved profitability, resource
utilisation, and robustness to changes in energy and
maintenance costs.

In Stinchfield et al. (2025), the authors introduce
a chemical process design approach that tightly inte-
grates machine learning (mainly neural networks
and decision trees) and MILP optimisation. The
machine learning models are used to build piece-
wise-linear surrogate functions that approximate
system costs and performance metrics, replacing the
complex nonlinear relationships of the original
problem. These ML-based surrogates are embedded
within an MILP formulation derived from an ini-
tially intractable nonlinear model. In this paper, ML
captures this underlying process behaviour, while
the MILP efficiently optimises the selection and
design of chemical process configurations. The
approach is validated in several case studies, achiev-
ing a high level of computational efficiency and
solution quality.

In Moreno-Palancas et al. (2025), the authors
study stochastic bilevel optimisation problems. They
propose an approach in which the lower-level prob-
lem is approximated using a neural network. The
network is trained over multiple realisations of
uncertain parameters, enabling a computationally
tractable single-level reformulation of stochastic bile-
vel problems. The methodology is validated on a
batch chemical process scheduling problem, demon-
strating the efficient solution of complex bilevel
models. Looking forward, there seem to be ample
opportunities to embed supervised learning within
exact optimisation models.

Over the last ten years, Dimitris Bertsimas and
his colleagues have argued for greater integration of
machine learning models and optimisation models.
A good starting point is their foundational 2019
book entitled Machine Learning Under a Modern
Optimisation Lens (Bertsimas & Dunn, 2019). The
authors demonstrate that many machine learning
models can be formulated as convex optimisation
problems or as mixed-integer optimisation prob-
lems. Given the current power of hardware and
optimisation software, this can lead to solutions to
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decision problems in reasonable computing times
along with global optimality guarantees. This point
of view is supported by Sun et al. (2019) and
Gambella et al. (2021). Two related and significant
research projects are presented by Bertsimas and
Dunn (2017) and Bertsimas and Kim (2023).

At present, there are many articles which show
that machine learning models can be directly
embedded into MILP formulations. The key point
here is that optimisation and machine learning
(especially supervised learning) are already merging
naturally and bearing fruit.

In some optimisation applications, such as stra-
tegic planning exercises, it is not necessary to obtain
the optimal solution or even a near-optimal solu-
tion. For example, in logistics planning, making
decisions about the placement of depots, the size of
service regions, and the number of trucks required
by a service region does not require knowing the
exact routes that will be traversed on a given day
(Kou et al., 2024). Instead, the goal might be to
determine an accurate estimate of optimal route
lengths. This observation provides another impor-
tant connection between supervised learning and
optimisation. In particular, it involves the estimation
of optimal solution values in combinatorial opti-
misation problems such as the Travelling Salesman
Problem (TSP), the Vehicle Routeing Problem
(VRP), and the Split Delivery Vehicle Routeing
Problem (SDVRP). In the last five years, researchers
have used randomisation, linear regression, neural
networks, Kolmogorov-Arnold networks, and ran-
dom forests to estimate optimal solution values to
within one to three percent with respect to mean
absolute percent error; for example, see (Kou et al.,
2026). Simultaneously, Varol et al. (2024) have
developed sophisticated neural network models that
reliably estimate optimal TSP lengths with impres-
sive accuracy.

In Mor et al. (2026), it is suggested that learning
characteristics of optimal solutions based on input
instances might effectively reduce the search space
and, consequently, the computational effort. One
simple example of this is to explore the contribution
that supervised learning can provide with respect to
estimation, using estimates to improve stopping
conditions in heuristic search. In preliminary work,
Kou et al. (2024) apply this idea and demonstrate
that a set-covering-based heuristic for the VRP can
reduce the average optimality gap while minimally
increasing computational time. A more challenging
example is one in which quantitative metrics might
not be fully known in advance. Nearly 10years ago,
in Lum et al. (2017), we worked on partitioning a
street network into compact, balanced, and visually
appealing truck routes. How do we quantify the
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notion of visually appealing? Can machine learning
enable us to learn from practical examples of visually
appealing routes in order to quantify what a “good
solution” looks like? This question might be con-
nected to the emerging area of inverse optimisation.

In conclusion, we view optimisation and super-
vised learning to be cooperative and mutually rein-
forcing methodologies. Furthermore, we expect the
machine learning and optimisation communities to
continue to be creative in suggesting new synergies
that will benefit both communities as well as deci-
sion making, in general. Finally, we thank Mor et al.
for stimulating our thinking.
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Richard Eglese—Lancaster
University, Lancaster, U.K

I found this an interesting paper exploring the dif-
ferences and relationship between two approaches to
finding solutions to well defined problems. There is
considerable research taking place to improve the
effectiveness of both optimisation and machine
learning (ML), and the authors have chosen to
restrict themselves to focus on supervised learning
within the ML approach.

I shall confine myself to a few comments, mainly
illustrated by reference to vehicle routeing problems.

The most effective method to use to solve a prob-
lem depends on how the problem is structured and
the context for its use. For example, for a strategic
problem involving depot location or districting, an
approximation of the costs of travelling salesman
problems (TSPs) may be needed, without the
requirement to specify the detailed routes. In such a
situation, a supervised learning approach to find the
costs of the TSPs may be effective. Akkerman and
Mes (2025) illustrate this approach in their paper
which includes an example based on dynamic waste
collection in Amsterdam. Their methodology still
requires solutions from a training set and identifica-
tion of features that may help the supervised learn-
ing model provide close approximations to the
costs. However, if there are important constraints
that the routes must respect, the ML approach does
not guarantee that its cost estimates can be achieved
by routes which satisfy the constraints. As it says in
the final section of the discussion paper, “For
example, in a vehicle routing problem the violation
of operational constraints, such as vehicle capacity
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or road restrictions, may generate dangerous
routes.” The effects and consequences of failing to
satisfy constraints in a problem is an important con-
sideration when deciding on the approach to use.

If full solutions to routeing problems are needed,
and not just approximations of their costs, then
seeking to use a solely machine learning approach is
much more challenging. “End-to-end learning”
(E2EL) is discussed in Section 4 of the paper, but it
is admitted that “in general, ensuring the feasibility
of a solution in the presence of constraints remains
a major challenge”. Taking the example of solving
TSPs again, there has been progress in using
machine learning approaches, and a recent survey
can be found in Alanzi and Menai (2025). This
includes Graph Neural Net and other ML methods.
Alanzi and Menai describe advancements that have
improved the scalability of ML-based approaches
including some that combine ML with traditional
optimisation methods and conclude “Despite these
advancements, challenges remain in generalization
across problem distributions, maintaining solution
quality in large-scale instances, and efficiently hand-
ling diverse real-world constraints.”

The introduction to the discussion paper poses the
question “...could ML one day replace traditional
optimization?” In my opinion, the answer to that is
negative, because there are many problems for which
traditional optimisation is already able to provide an
exact or close-enough solution in an acceptable com-
puting time and guarantee to satisfy relevant con-
straints. As described in the paper, there are many
ways in which optimisation and ML approaches can
cooperate with each other to provide an effective
solution method. Many types of cooperation have
been proposed, but an example of one approach that
provides a formal framework for such cooperation
can be found in Bergman et al. (2022).

No doubt further research in optimisation and
ML, as well as the availability of more powerful com-
puting hardware, will increase the scope of problems
that can be tackled by these approaches in the future.
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Bissan Ghaddar—Ivey Business
School, Western University,
Canada

I was very excited to read this discussion paper as it
offers a timely and much-needed clarification at the
interface of optimisation and supervised learning,
two paradigms that increasingly coexist in modern
decision-making systems. As machine learning con-
tinues to expand its influence across applied
domains, the question of whether learning-based
approaches might replace optimisation has become
unavoidable. The authors engage with this debate by
showing that optimisation and supervised learning
are largely complementary, while also acknowledg-
ing that in certain settings such as end-to-end learn-
ing machine learning may act as a potential
competitor to classical optimisation approaches.

A central highlight of the paper is its systematic and
clear discussion of how supervised learning can enhance
optimisation across the full decision pipeline. The
authors outline several promising directions, including
ML-assisted instance generation, learning-based algo-
rithm design, and adaptive heuristics. Conversely, the
paper also clearly illustrates how optimisation helps
supervised learning itself. The paper provides relevant
references and survey articles that situate these contri-
butions within the broader literature.

Overall, this paper is of particular interest to the
OR community because it reframes the ML-optimisa-
tion interaction as an opportunity to strengthen opti-
misation rather than sideline it. It encourages OR
researchers to engage with supervised learning not as
a replacement technology, but as a source of new
methodological tools. By doing so, it contributes to
shaping a future in which optimisation remains the
backbone of decision-making, enriched by data-driven
learning rather than dominated by it. Follow-up dis-
cussions could expand the scope beyond supervised
learning to include, for instance, reinforcement learn-
ing and large language models for modelling and algo-
rithmic reasoning, among other methods. I hope
many future works build on this foundation, strength-
ening OR’s role in modern decision making.

Martin Kunc—Southampton
Business School, University of
Southampton, UK

The paper provides a critical examination of the inter-
play between optimisation and supervised learning
within contemporary decision-making frameworks.
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Historically, optimisation has served as the corner-
stone of operations research, offering mathematically
rigorous models and algorithmic solutions for com-
plex, constraint-driven problems. In contrast, super-
vised learning, propelled by advances in data
availability and computational power, has emerged as
a dominant paradigm for predictive analytics. Rather
than positioning these approaches as mutually exclu-
sive, the authors advocate for a synergistic perspective,
emphasising how machine learning can augment opti-
misation processes through improved model calibra-
tion, algorithmic design, and instance generation.

A salient contribution of the paper lies in its dis-
cussion of integrated methodologies, such as deci-
sion-focused learning, which prioritise decision
quality alongside predictive accuracy. Nevertheless,
significant challenges persist, particularly regarding
computational tractability, constraint satisfaction,
and generalisation across heterogeneous problem
instances. End-to-end learning approaches, which
bypass traditional optimisation, offer efficiency gains
but raise concerns about feasibility and robustness
in high-stakes applications.

Future Directions: Advancing this research
domain requires the development of hybrid frame-
works that reconcile data-driven adaptability with
optimisation’s structural rigour. Promising avenues
include ML-enhanced instance generation, represen-
tation-aware modelling for cross-domain transfer-
ability, and algorithmic design informed by learned
patterns. Such innovations could redefine decision-
making as an integrated paradigm, bridging predict-
ive and prescriptive analytics.

Francisco Saldanha-da-Gama—
Sheffield University Management
School, UK

I thank the Editor of JORS for inviting me to com-
ment on this paper, and I congratulate the journal
on this initiative of pairing a discussion paper with
several commentaries.

A central question guiding the paper is whether
machine learning (ML) could one day replace
“traditional” optimisation. As the authors emphasise,
in the context of problem solving to support deci-
sion making, researchers working in optimisation
increasingly seek to leverage ML to enhance their
methods, while the ML community is becoming
more engaged with optimisation to strengthen their
own techniques. Given the breadth of ML as a field,
the authors focus the discussion on supervised
machine learning (SML), that is, on approaches

based on an explicit training scheme. They clearly
describe the goals, concepts and components under-
lying both optimisation and SML. This greatly facili-
tates the discussion. In particular, it becomes
evident—if any doubt remained—that these are fun-
damentally different technologies. In Section 3, the
authors examine how optimisation supports SML
and vice versa. This analysis culminates in a discus-
sion of their integration, which is effectively sum-
marised in Figure 7. End-to-end learning as a
possible competitor to optimisation is analysed in
Section 4, where the authors convincingly highlight
the several challenges that make such a possibility
unlikely. The final section synthesises the arguments
supporting the conclusion that SML is unlikely to
replace optimisation, at least in the foreseeable
future, given the current knowledge. Instead, the
two appear destined to remain strong partners in
the development of effective quantitative tools for
decision-making.

I read this paper with great interest. I find the
topic compelling, timely, and highly relevant.
Although this is not a new theme for debate (see,
e.g., de Lange, 2020), it remains of substantial
importance. I count myself among those who view
optimisation and SML as complementary technolo-
gies, each addressing distinct aspects of problem
solving. The fact that (S)ML can support optimisa-
tion may sometimes give the impression that it con-
stitutes an optimisation tool in itself. As the authors
clearly explain, this is not the case. They exemplify
two key aspects that distinguish these fields: algo-
rithm selection and model updating. Furthermore,
even when an SML tool aims to identify viable solu-
tions to a decision-making problem, it often relies
on optimisation methods, as emphasised in Section
3.1, where several illustrative examples are provided.

One important aspect highlighted in the paper is
the role of human knowledge and experience in the
critical phase of optimisation model definition—an
activity that arguably “cannot rely on the support of
any automated technique”. While I largely agree
with this assessment, it is worth acknowledging
ongoing attempts to replace or reduce human
expertise in this phase, as illustrated by Huang et al.
(2025). Where this trend may ultimately lead, par-
ticularly in the context of artificial general intelli-
gence, remains an open question. Regardless, SML is
already playing an increasingly prominent role in
optimisation model specification. Beyond forecasting
model parameters and helping identify the most
effective formulations (see Section 3.2), other not-
able examples can be found in areas such as distri-
butionally robust optimisation, where SML can
guide the identification of suitable ambiguity sets of
distributions (see, e.g., Kannan et al., 2024). In this



regard, I expect significant advances in the near
future, particularly at the intersection of optimisa-
tion modelling, data science and decision-making
under uncertainty.

The growing relevance of SML in the design of
algorithms for solving optimisation problems is
another important topic discussed by the authors
towards the end of Section 3.2 (ML-augmented opti-
misation). Here, again, the long-term implications
remain unclear. In addition to the references cited
in the paper, I would add Huang et al. (2024), who
discuss the role that large language models may play
in algorithm selection and design. Although such
models are not based exclusively on SML—this is
just one component in their training—this emerging
trend is nevertheless worth noting.

In my view, Section 3.3 is a pivotal part of the
paper. The authors discuss several modern trends
that intertwine optimisation and SML. The sum-
mary presented in Figure 7 is particularly insightful.
The loop depicted in this figure is especially note-
worthy: optimisation can support SML, which in
turn can support optimisation. This reciprocal rela-
tionship reinforces the idea that the two technolo-
gies can strengthen themselves through mutual
interaction.

When addressing end-to-end learning in Section
4, the authors focus on a scenario in which SML
could potentially compete with optimisation. This is
particularly true when a decision maker is satisfied
with an approximate solution to the optimisation
problem. Nevertheless, I agree with their conclusion
that, given the current knowledge, it is unlikely to
think that SML will be a “successful competitor to
the classical optimization models and algorithms”.
Indeed, even today, many significant advances in
SML continue to rely on optimisation. Beyond the
examples discussed in Section 3.2, additional cases
include: (i) least-quantile-of-squares regression (e.g.,
Bertsimas and Mazumde, 2014; Puerto and
Torrejon, 2025), (ii) support vector regression (e.g.,
Martinez-Merino et al., 2025), (iii) multi-class classi-
fication (Bertsimas and Dunn, 2017; Blanco et al.,
2020), and (iv) reclassification (Blanco et al., 2026).
These developments in data science owe much to
optimisation. Moreover, they illustrate that many
SML tools keep relying on a loss function to be
minimised, which quantifies the discrepancy
between the model predictions and the actual values.
As long as this remains the case, optimisation will
retain a central role and the conceptual framework
illustrated in Figure 1 will remain valid. Overall, the
above references and those presented by the authors
demonstrate that substantial research from the opti-
misation perspective continues to enhance the
effectiveness of SML tools.
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Although the paper focuses on optimisation and
SML, many of its conclusions, in my view, extend to
other branches of ML, such as unsupervised learn-
ing and reinforcement learning. Clustering provides
a clear example. Optimisation has played a role in
clustering for decades: as early as the 1980s, Kusiak
(1984) was already reviewing optimisation models
for clustering. Nowadays, some of the most popular
clustering methods, such as k-means or k-medoids,
are rooted in well-established optimisation models.
Even more complex clustering problems, like dis-
tricting—which incorporate a geographical con-
tent—continue to rely heavily on optimisation
models and methods (see, e.g., Pomes et al.,, 2025,
and the references there in).

Summing up, I fully agree with the authors when
they conclude that optimisation and (S)ML will
remain strong partners rather than competitors in
the development of efficient and effective tools for
decision-making. This enduring partnership stands
to benefit both communities and the broader field
as a whole.
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Said Salhi—Kent Business School,
University of Kent, UK

This is an interesting and provocative discussion
paper that opened up several challenges that could
exist either at the intersection of optimisation and
supervised ML where one can take advantage of the
other though with different level of magnitude.
There are many applications especially those
combinatorial optimisation problems that are con-
sidered NP hard problems with large problem size
where ML can provide useful information by identi-
fying promising as well as useless attributes both of
which are critical as these could then be removed
from the huge number of configurations and hence
reduce the problem size for which optimisation can
then flourish. This is well known in OR as reduction
techniques or neighbourhood reduction in heuristic
search arena. This contribution of ML for optimisa-
tion is well established in several combinatorial
problems such as knapsack, location and routeing
where some decision variables are set to zero or to
one due to patterns discovered by ML leaving opti-
misation to tackle the rest of the decision variables.
This, however, may not always be helpful if feasibil-
ity is not maintained especially in tight constrained
problems. In addition, learning via heuristics/ ML is
now incorporated within B&B to tighten the whole
process by improving upper bounds and turning
infeasible solutions (i.e., Lower Bounds) into feasible
ones. So, it is clear that ML somehow can enhance
optimisation and many research is ongoing to foster
this rich avenue. The other way around may appear
at the first glance to be not obvious at all but that is
not the case if one looks at the core of ML which is
made up of some sort of optimisation, mostly con-
tinuous optimisation. For example, the k-mean is
one of the ML but the algorithm itself is similar to
Cooper’s algorithm (Cooper, 1964) used to solve the
multi-source  Weber problem (or the planar p
median problem) except it uses larger dimension
instead of the two-dimensional space for locating

the facilities. This locate-allocate procedure is now
even much more improved than its original version
produced by Cooper which is also used for the k-
mean as part of ML (Drezner and Salhi, 2017).
Optimisation is also used to identify good values for
the parameters of some ML algorithms as well as
being the hidden part of their engine. For instance,
over two decades ago, embedding heuristic opti-
misation-based adaptive learning within neural net-
work, one of the mostly currently adopted ML
algorithm, was shown to be rather powerful for
solving a class of classification using UCI repository
of ML databases (Smithies et al. (2004).

It is also worth noting that whenever ML are
included, optimality may not be guaranteed. This is
the elephant in the room which is not made clearer
to the public that the solution provided not only is
unlikely to be optimal but also could turn out to be
relatively poor. This side of the coin can be made
clearer. There is however light at the end of the tun-
nel as there are hot research topics within ML, that
are currently being explored to alleviate this issue
and attempt to turn ML to a more robust tool by
attempting to understand/incorporate the effect of
big data, some of which could be misleading, while
enhancing its quality through learning via some
form of optimisation. Optimisation and particularly
heuristic optimisation can play an important role in
enhancing this part of ML. One of the issues one
needs to be aware of is that ML rely heavily on past
data to forge patterns etc. The question could arise
if a new problem with different characteristics etc is
to be solved, ML ought not to be the first option to
tackle it as it will not be able to predict whereas in
this particular case it is more relevant and also
exciting for optimisation as new model need to be
developed and then solved either exactly or via heu-
ristics. In these circumstances one may argue that
the former may utilise some benchmarks if these
can be found either as existing solutions in compa-
nies or derived from heuristics. These benchmarks
could obviously be used as target at the learning
stage but these data may be limited, poor and hence
mislead the ML so some thinking along these lines
could be one way forward. Having said that, ML
applications are immense and well received by users
in most domains given its massive successes. This
reinforces the old saying that it is better to have
good solutions to the right problem than no solu-
tion at all or optimal ones for the wrong problem!
In other words, optimisation has to embrace ML
and be part of it so to enhance it and make it more
robust and reliable by exploring keys aspects of
optimisation like how to deal with tight constraints
and soft/hard objectives for which ML may be at
the moment relatively behind.
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I would like to thank the authors for carefully
and critically highlighting the several aspects and
challenges that exist when trying to complement
these two vast areas for which we are all grateful to
have to our disposal. This discussion paper will,
without any doubt, entice many researchers to
explore research avenues that would not have been
left in the dark and this will enhance not only the
integration of optimisation and ML but also the
visibility of OR in general.
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Kate Smith-Miles—University of
Melbourne, Australia

What a timely discussion on the many facets of
interaction between supervised learning and opti-
misation. As the world grapples with the implica-
tions of artificial intelligence (AI) solving problems
previously tackled by humans, with and without
technological assistance, it is natural to ask whether
humans with expertise in solving optimisation prob-
lems will eventually be replaced with AI that can:

e accurately formulate a mathematical model from
a written problem description (Li et al, 2023;
Liang et al, 2026; Xiao et al. 2025);

e automatically select the best existing algorithm
(and tune its parameters or design components)
for solving a given model, given the instance
characteristics (Chen et al.,, 2022; Hutter et al.,
2009; Kerschke et al, 2019) and explain its
choice (Smith-Miles et al., 2014);

e design test instances that can adequately “stress-
test” an algorithm for trustworthiness (Lopes &
Smith-Miles, 2013; Smith-Miles & Bowly, 2015;
Smith-Miles & Hemert, 2011);

e or even find solutions to the problem without
the need for any optimisation algorithm at all
(Abassi et al., 2020; Sultana et al., 2022).

It is important to have an accurate assessment of
the current state-of-the-art to understand whether
such Al is imminent, whether it can be trusted, and
furthermore, if it should be viewed as a competitor
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to human expertise, or a partner sitting alongside
humans using a suite of algorithms (optimisation
and AI) to find the best trusted solutions.

The authors have presented a useful framework
for describing the opportunities for supervised
learning (as one style of AI) to support or replace
pillars of the generic optimisation process. They
have arranged the literature within this common
framework of the various stages: problem-
—instance—model—algorithm—solution. The refer-
ences I have added above fit comfortably within this
framework. Augmenting the reviewed literature with
these additional references suggest to me that
humans with expertise in optimisation will be
required to stay in the loop a while longer!
Nevertheless, we would be well advised to keep
abreast of developments in Al and machine learn-
ing, since it is a rapidly developing space.

Personally, I was not expecting much success when
my collaborators first proposed to use supervised
learning to directly predict near optimal solutions to
an optimisation problem (Abbasi et al., 2020) without
the need for a model or any optimisation algorithm
(cf. Figure 8, “end-to-end learning”). However, I was
surprised by the impressive performance that can be
achieved by training a machine learning model to rec-
ognise characteristics of good quality solutions.

While there are more references, beyond those
listed above, that could be added to the paper
within the presented framework, I'd like to focus
my commentary on some recent advances of rele-
vance to the section “Supervised learning for opti-
misation” that appear to have been overlooked, and
provide some clarity about existing state-of-the-art
and remaining opportunities.

Specifically, the authors write:

“Tests are usually performed on a set of synthetic

instances which are commonly taken from the

literature or randomly generated ... The issue of
what instances to use for the testing of algorithms is
constantly discussed in the OR community, but no

better ways than the ones mentioned above have
been identified so far.”

In fact, there have been methods proposed to
tackle the challenge of rigorously testing optimisa-
tion algorithms, following urging in the mid-1990s
for better methods (Hooker, 1994, 1995). My contri-
butions to this effort commenced with recognising
that the machine learning community had been
using supervised learning to learn about machine
learning algorithm performance (so called “meta-
learning), and the core ideas were generalisable to
learn about other kinds of algorithms, including
optimisation algorithms (Smith-Miles, 2009).

Based on the key idea that optimisation problem
instances (like machine learning datasets) could be
characterised by a feature vector that summarises
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their difficulty (Smith-Miles & Lopes, 2012), we
have developed Instance Space Analysis (Smith-Miles
et al.,, 2014; Smith-Miles & Munoz, 2023): a meth-
odology that uses supervised learning—of the rela-
tionship between instance characteristics and
algorithm performance—to support:

1. creation of novel test instances required for
rigorous algorithm testing;

2. insights into strengths and weaknesses of algo-
rithms for different instance characteristics;

3. automated algorithm or parameter or model
selection.

By projecting instances from a high dimensional
feature space onto a 2D map we define and visualise
an “instance space” of all possible test instances for
an optimisation problem within a mathematically
defined boundary, and show how comprehensively
an optimisation algorithm has been tested. Within
the instance space we can see gaps where new test
instances should be designed, with target character-
istics, to ensure trustworthy and unbiased testing
with instances that are diverse, challenging, discrim-
inating, and even real-world-like (Lopes & Smith-
Miles, 2013). Evolutionary algorithms are used to fill
these gaps to produce comprehensive suites of test
instances (Smith-Miles et al., 2021; Smith-Miles &
Bowly, 2015). The performance of algorithms (or
models or parameter configurations) can also be
viewed across the instance space to understand how
performance depends on instance characteristics, cf.
location in the instance space ((Liu et al., 2024).
Automated algorithm selection is achieved using
supervised learning in the instance space to predict
the best performing algorithm for a given instance.

Instance Space Analysis (ISA) offers a solution to
John Hooker’s call for a more empirical science of
algorithm testing. It is well accommodated within the
framework of supervised learning for optimisation
proposed by the authors. It remains an open oppor-
tunity to use ISA to rigorously “stress-test” how well
AT methods can compete with classical OR methods
for solving optimisation problems, or if the best
results come from when they work in partnership!
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Daniele Vigo—Department of
Electrical, Electronic and
Information Engineering
“Guglielmo Marconi”, University of
Bologna, Italy

I read this paper with great interest and I see it as a
valuable instrument to stimulate the future research
on the integration between optimisation and learn-
ing, and, even more importantly, to favour the dis-
cussion and collaboration between different
scientific communities, which may results in rele-
vant future advances in the support of decision
making.

Both Operations Research and Machine Learning
are indeed mature disciplines, which have fully
demonstrated their capability of providing valuable
and effective toolsets to support decision making.
However, several shortcomings, such as the rigidity
of the underlying assumptions required by the con-
struction of solvable optimisation models, or the dif-
ficulty in the generalisation of prediction methods,
often constitute a major obstacle in their actual
deployment in the real world context. Most opti-
misation problems which arise in practice have
characteristics which are hardly compatible with the
settings in which optimisation algorithms can
quickly provide good, if not optimal, solutions: for
example input data are generally non-deterministic,
and objectives and constraints are either not fully
defined or are non-linear. On the one hand these
issues are generally not an obstacle for the develop-
ment of machine learning approaches but, on the
other hand, end-to-end methods based uniquely on
machine learning algorithms often produce lower
quality solutions when applied to well-cast prob-
lems. It is, therefore, clear the potential benefit of
the integration between optimisation and learning,
that may lead to approaches better suited to capture
the difficulties of real-world problems which, at the
same time, may provide better solutions to decision
makers. However, to make step forward in this dir-
ection the two research communities need to collab-
orate and not to compete as it is often seen in the
current literature.

A fundamental prerequisite to favour the collab-
oration between disciplines, is to create a common
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language, to highlight the potentials and the short-
comings of either discipline, and to define correct
ways in which the contribution of different methods
may be assessed.

In my view (which is that of a member of the
optimisation community), the authors have indeed
performed an excellent job in this respect, by pro-
viding a clear, easy to read, and comprehensive
illustration of the main areas in which supervised
learning and optimisation may be integrated within
frameworks which better suits the need of modern
decision support systems.

Clearly, the space limitation of an article has pre-
vented to deepen the analysis and the illustration of
some important details, as for example, the compu-
tational overhead associated with feature extraction,
which often reduces the effective use of prediction
algorithms in real-time contexts. Nevertheless, the
paper highlights several inspiring ideas, such as the
use of machine learning to create and improve
benchmarks, and points to the relevant literature
where the reader can broaden the understanding.

Probably, another unavoidable consequence of
the space limitation is that that most of the
emphasis of the paper is devoted to illustrating what
machine learning can do to improve optimisation
rather than to highlight which are the areas in
which better optimisation algorithms may have a
role in improving machine learning methods.

In conclusion, I think this paper constitutes an
important contribution in creating the ground in
which the future innovation of decision making will
root, and I am sure it will stimulate new and rigor-
ous research in this direction.

Response to Commentaries

A. Mor, C. Orsenigo—Department of
Management, Economics and
Industrial Engineering Politecnico di
Milano, Italy

M.G. Speranza—Department of
Economics and Management
University of Brescia, Italy

We would like to express our sincere gratitude to
the Journal of the Operational Research Society for
accepting our discussion paper, and to Professor
Said Salhi for his meticulous coordination of the
entire process, from handling the submission to
inviting and collecting commentaries from leading
researchers. We are also deeply grateful to the col-
leagues who agreed to read and comment on our


https://doi.org/10.1007/s13042-022-01516-8

1664 e COMMENTARY

work. Their insights and stimulating reflections,
along with the relevant references they provided,
significantly complement our original study.

Several key themes emerged from these commen-
taries. First, they confirm that the topic is highly
timely and that the central question of our paper
resonates with many in the field. Second, there is a
shared conviction that, while machine learning is
evolving rapidly, real improvements in decision sup-
port tools will stem from a partnership between
optimisation and supervised learning. Furthermore,
as noted by some contributors, although we focused
on supervised learning for clarity, much of our dis-
cussion is equally applicable to other machine learn-
ing paradigms.

An interesting topic that emerged in the com-
ments over which we debated for its inclusion in the
paper is inverse optimisation. By integrating observed
behaviour into the model objective or constraints,
inverse optimisation ensures that the resulting math-
ematical formulations are not just theoretically sound,
but deeply aligned with the underlying real-world
processes they aim to represent.

As highlighted by several comments, another
domain worth of discussion is Large Language
Models (LLMs), which are already showing poten-
tial in automating the formulation of mathematical
models from natural language descriptions. LLMs
may play a transformative role in algorithm selec-
tion, design, and reasoning, with the potential to
redefine the OR-ML interface. We believe that
LLMs should be viewed as powerful enablers rather
than (potential) replacements for human expertise.
While they can significantly lower the entry barrier
for modelling and accelerate the prototyping phase,

the human component remains fundamental in
decision-making. Human intuition, ethical judge-
ment, and ability to interpret context-specific
nuances are indispensable for validating model
assumptions and ensuring that the outputs of
hybrid OR-ML systems are both responsible and
actionable.

This discussion reinforces our belief that optimisa-
tion and machine learning are destined to become
strong partners, being inspired by different principles
that can promote reciprocal support. Optimisation
emphasises the clear definition of the problem struc-
ture and seeks for provable properties, such as the
convergence of the algorithm to an optimal, or near-
optimal, solution. Supervised learning embraces
uncertainty and creates the model by learning from
data. Yet both are, at their core, powerful approaches
for making decisions under complexity. As each field
advances, a shift is needed to foster their deepening
synergy: formulation and learning should no longer
be viewed as separate processes, but rather as compo-
nents of a unified adaptive framework. To this end,
the adoption of a shared mindset is essential, where
rigour meets empiricism and constraints are no lon-
ger imposed on prior assumptions but are instead
informed and refined by observed data, making them
more realistic and relevant to the problem at hand.
The convergence of optimisation and supervised
learning to a common ground will ultimately enable
the development of decision-making systems that are
both data-aware and structurally sound, combining
adaptability with reliability.

We hope that our discussion paper, enriched by
the above comments of prominent researchers, has
initiated a dialogue that will continue to evolve.



