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MIP SOUTH AMERICA 2025

The Mixed Integer Programming Workshop South America 2025 was held from
December 9 to 12, 2025, at the Universidad Adolfo Ibdfez campus in Vifia del
Mar, Chile. With more than 140 participants, the event represented an important
step in strengthening regional engagement while showcasing state-of-the-art
research in mixed-integer programming, discrete optimization, and operations
research.

A highlight of the workshop was the poster session, which showcased high-
quality student work. Honorable Mentions were awarded to Felipe Keim (Uni-
versidad de Chile), Domingo Araya (Pontificia Universidad Catdlica de Chile),
Daniel Yamin (Carnegie Mellon University), and Macarena Fredes (Universidad
de Santiago de Chile). The Runner-Up distinction went to Macarena Navarro
(Carnegie Mellon University), and the MIP Workshop Best Poster Award was
presented to Sebastidn Vasquez (Carnegie Mellon University).

The Organizing Committee consisted of Victor Bucarey (Universidad de
O’Higgins, Chile), Rodolfo Carvajal (Universidad Adolfo Ibafiez), Margarida
Carvalho (Université de Montréal, Canada), Andrés Gémez (University of
Southern California, USA), Javier Marenco (Universidad Torcuato Di Tella,
Argentina), Gonzalo Mufioz (Universidad de Chile, Chile), and Eduardo Uchoa
(Universidade Federal Fluminense, Brazil).

The workshop benefited from the generous support of its sponsors and partners.
Primary support was provided by the Department of Industrial Engineering of
Universidad de Chile and Hexaly, with additional contributions from Google, the
Institute of Engineering Sciences of Universidad de O’Higgins, Alicanto Labs,
the Universidad Adolfo Ibafiez Business School, Cardinal Optimizer, the Insti-
tute for Mathematical and Computational Engineering of Pontificia Universidad
Catdlica de Chile, and the Institute for Complex Engineering Systems.

Overall, MIP South America 2025 marked an important milestone for the mixed-
integer programming community in the region and laid a strong foundation for
future editions of the workshop.

THE 2026 MIP WORKSHOP

The 2026 Mixed Integer Programming Workshop will take place on May 18-21,
2026, at the University of Connecticut, Stamford campus. Registration is open,
with early registration ending on April 14.

This will be the twenty-third edition of the series. MIP 2026 will carry on
the traditions that have made this workshop a central gathering place for our
community, and we invite you to join us for:

* A single track of 21 invited talks from experts across a wide range of topics
topics in the theoretical, computational, and applied aspects of mixed integer
programming and discrete optimization.
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* A poster session, including a best-poster competition among selected student
finalists.

The 2026 Land-Doig MIP Competition on GPU-Accelerated Primal Heuris-
tics for MIP.

* Contributed flash talks. More information coming up soon.

The Mixed Integer Programming Society (MIPS) business meeting to be held
on Thursday afternoon.

For updates and more information, please visit the website.
We look forward to seeing you in Stamford, Connecticut!

Program committee: Beste Basciftci, Yatharth Dubey, Cheng Guo, Sebastian
Perez-Salazar, Matthias Walter

Local committee: David Bergman, Carlos Cardonha, Robert Day, Nicholas
Lownes, Laurent Michel, Matthew Stuber, Bin Zou

Competition Committee: Beste Basciftci, Akif Cordiik, Gerald Gamrath,
Christopher Hojny, Jan Kronqvist, Haihao Lu, Christian Tjandraatmadja

MIP EUROPEAN WORKSHOP 2026

The 2nd MIP European Workshop (EURO-MIP 2026) will take place 19-21
October 2026 in Rome, Italy, hosted by the DIAG Department (Department
of Computer, Control and Management Engineering), Sapienza University of
Rome. The workshop is part of the MIP International Workshop series and
will feature a single-track program on recent advances and open challenges in
mixed-integer programming and discrete optimization. We will strongly support
junior researchers and students, including a poster session and/or a short “junior
spotlight” segment, and aim to offer a limited number of student travel grants
(subject to sponsorship). For more information, please see the workshop’s
website.

Program Committee: Fabio Furini, Veronica Piccialli, Ivana Ljubic, Claudia
D’ Ambrosio, Christopher Hojny

Local committee: Fabio Furini, Veronica Piccialli, Fabio Ciccarelli

DIMACS CHALLENGE: NETWORK FLOWS 2.0

The 13th DIMACS Implementation Challenge: Network Flows 2.0 is currently
underway and invites both participation in the computational competition and
contribution of test instances. The over-arching purpose of an Implementation
Challenge is to assess the practical performance of algorithms for a particular
problem class, while moving them closer to what is theoretically possible and
fostering interactions among contributing researchers.

This Challenge focuses on the minimum-cost flow problem and its variants and
special cases, including: minimum-cost flow problem; transportation problem;
assignment problem; maximum-flow problem; bipartite matching problem; and
global minimum cut problem.

The organizing committee for this challenge includes Andrew V. Goldberg
(chair), Tamra Carpenter, Giuseppe F. Italiano, Loukas Georgiadis, Daniel A.
Spielman, Clifford Stein, and David P. Williamson.

For information on how to participate please visit: https://coral.ise.lehigh.edu/flow-
challenge-2-0/.

DISCRETE OPTIMIZATION TALKS (DOTS)

The Mixed Integer Programming Society supports Discrete Optimization Talks
(DQOTs), a virtual seminar series on all aspects of integer and combinatorial
optimization. This semester, DOTs will be take place on the last Friday of the
month at 12:00pm Eastern Time over Zoom.

Visit our website to find information on the Spring 2026 season of DOT's and
view recordings of previous talks. To receive the link to participate, join the
mailing list and add "lists @mixedinteger.org" to your approved addresses. If
you are interested in giving a DOT, let us know. We look forward to seeing you!
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On the Future of Computational Discrete Optimization Research

By Marc E. Pfetsch, Department of Mathematics, TU Darmstadt, Germany

INTRODUCTION

Computations have been an important cornerstone of Discrete Optimization
since its beginnings in the middle of the 20th century. In this article, we discuss
some of the challenges that this area currently faces. These challenges are
motivated by the following recent anecdotic observations:

o The focus of many (maybe the majority of) new articles and conference talks
that involve computations is on modeling aspects, i.e., models are presented
and discussed. Then they are inserted into a black-box global solver to derive
conclusions about the quality of the models.

o With very few exceptions, a single commercial solver (“the best solver in
the world”) is used, both for exact solution as well as a heuristic.

o The number of researchers that generate significant implementations seems
to be declining.

This article will argue in the following that these issues are connected.

Clearly, these observations are somewhat subjective. However, if the they rep-
resent a trend, this will have consequences on computational work in Discrete
Optimization, e.g., diminishing the role of such work in the long run. Whether a
decline of such scientific computational work is problematic or not, depends on
the viewpoint, but this article will present arguments why significant scientific
computational work is needed in — or at least is advantageous for — the Discrete
Optimization research areas. Moreover, this article will try to identify reasons
for the occurrence of the above observations and propose some remedies.

RESEARCH AREAS In this article, Discrete Optimization broadly includes
the areas of mixed-integer programming (MIP), mixed-integer nonlinear pro-
gramming (MINLP), and combinatorial optimization (CO). There are many
intersections between them, but also specific challenges. The main focus in the
following is on computing globally optimal solutions (in particular the historical
review below), but most comments apply to heuristics as well.

Similar considerations as the ones in this article might be valid for other areas
of mathematical optimization and beyond. However, this documents restricts
attention to Discrete Optimization, because this is the area best known to the
author. Moreover, one unique property of Discrete Optimization seems to be
the strong influence of commercial software on scientific computational work.

WHY COMPUTATIONAL RESEARCH IS IMPOR-
TANT

Before discussing the importance of computational research, we should first
recall some basics.

Scientific computational research means that new algorithms are developed,
implemented, and tested on meaningful test instances.! Thus, computational
research refers to solution algorithms, not just models. Its main goal is to
understand the underlying algorithmic implications. Computations contribute
the important feature of deriving conclusions from empirical data. To this end,
computational experiments should attempt to be generalizable, which mandates
a good choice of (large) test sets. Furthermore, to make the results reproducible,
a clear algorithmic description is necessary and, if possible, data and source
code should be publicly available.

The following arguments for the importance of computational research are
probably well known, but it might help to reconsider them here.

o Implementations can help to identify errors in theoretical results (see, e.g.,
Sanders [25] for examples) and theory can improve implementations.

o Computational work and its experimental data often call for a theoretical
foundation and conversely, one may (or should!) ask whether theoretical
arguments have real-life manifestations.

o MIP-solver implementations are an important economical factor. One sign
for this is the success and increase — both in number and size — of commercial
software companies.

o Discrete Optimization techniques can also be used in other areas of research,
e.g., as subroutines for deciding whether certain discrete structures exist.
Thus, (computational) methods from this area enable research in other areas.

Often new techniques need to be developed in order to fulfill this role, for
example, verifiable and numerically exact results; see, e.g., Cheung et al. [7].

o Computational Discrete Optimization is a very well established line of re-
search (see the next section), although it may not often be visible in isolation.
Indeed, it seems that there are fewer workshops/conferences that focus on
computational work than there are purely theoretical meetings.

All these goals will only be supported in the future, if there is scientific progress
on computational work.

A BRIEF HISTORICAL OVERVIEW

It seems helpful to briefly recall some history on computational Discrete Opti-
mization research. Note that this overview concentrates on certain aspects and
cannot be comprehensive. More details are given, for example, in the excellent
review of Bixby [6].

One of the cornerstones in Discrete Optimization is undoubtedly the simplex
algorithm of Dantzig [12] for solving linear programs (LPs). One of the main
reasons for its success is the ability to solve linear programs in practice. With
the advent of computers, starting in the 1950s, implementations were used to
solve ever growing linear programs. A big jump in the use of the simplex
algorithm came with the “personal computer” in the 1980s and then in the
1990s where the dual simplex algorithm was the workhorse of branch-and-cut
algorithms. And it has stayed like this for modern MIP- and MINLP-solvers. In
hindsight, a computational solution of LPs (including alternatives like interior
point algorithms) has always been an important computational research topic
since the early beginnings.

Computational work in combinatorial optimization has a long history as well.
A first important milestone was the 1954 paper of Dantzig, Fulkerson, and
Johnson [1 1] on the solution of the traveling salesman problem (TSP). Indeed,
the TSP has stayed the showcase of the success of computational work: we
refer to the book of Applegate, Bixby, Chvatal, and Cook [!] for an excellent
overview and a description of how computational work develops. More gener-
ally, branch-and-cut algorithms and its connected “facet hunting” emerged in
the 1990s. This time has seen many implementations of branch-and-cut solvers
for all kinds of combinatorial optimization problems.

With a somewhat more focus on practical usefulness and generality, MIP has
developed in parallel (with many connections to LP and CO). Similar to the
simplex algorithm, the introduction of branch-and-bound by Land and Doig [2 ]
is of essential importance; see Cook [&] for a historical discussion. Further
milestones were the papers of Crowder, Johnson, and Padberg [10] and van
Roy and Wolsey [27] in the 1980s, which introduced generic cutting plane
methods to MIP. Another milestone came with the demonstration of Balas,
Ceria, Cornuéjols, and Natraj [3] that Gomory (mixed-integer) cuts could be
made practically successful at the end of the 1990s; see also Cornuéjols [9] for
a historical perspective. In a sense, this discovery (re)connected computational
MIP-research back to the origins of the theoretical algorithm of Gomory [15].

Finally, computational work for MINLP has evolved quite naturally as an ex-
tension of MIP. Selected milestones include the approximation of separable
expressions, e.g., McCormick envelopes [22]. For convex MINLP, the outer
approximation algorithm of Duran and Grossmann [ 4] was a major step, which
reduces the problem to a sequence of MIPs and nonlinear programs. Based
on spatial branching, the branch-and-reduce algorithm of Tawarmalani and
Sahinidis [26] was a major step towards practical implementations, improving
the commercial solver Baron [24]. We refer to the overview articles of Belotti
et al. [5] and Krongvist et al. [20] for more information. Computational (non-
convex) MINLP and its software has seen a significant change in the last years,
because many commercial solvers extended their capabilities to MINLP. Still,
in this area there are several state-of-the-art open-source solvers around like
Couenne [4] and SCIP [16].

Looking back at this history, one important fact is the strong relation to and
dependence on commercial solver development. One important driving force
was the need for stable LP-solvers in branch-and-cut algorithms. Thus, many
or most research work in the decades between 1990 and 2010 used CPLEX
as an LP-solver. Indeed, this is one of the historical origins of the CPLEX
LP-solver [0]. However, significant implementation work was needed on top of
CPLEX for branch-and-cut algorithms. The MIP-solving capability of CPLEX

Thus, “computational research” in this article means that computations are performed on an actual computer, not the theoretical investigations of computational models.
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(introduced in 1991) was also used as a comparison to show that a specialized
solver is faster than a generic MIP-solver. In addition, the callback interface
was used to introduce new MIP techniques.

Note that already at these times, CPLEX almost had the monopoly as LP- and
MIP-solver. This is despite the fact that one needed to buy a license and that
other alternatives existed. For instance, MIP-solving capabilities were intro-
duced into the XpressMP solver in 1989. The academic MINTO solver [23]
was developed starting at the beginning of the 1990s. In 1996, the academic
LP-solver SoPlex [28] appeared and the development of the framework SCIP
started in 2002. In the meantime, the COIN-OR initiative (started in 2000) made
the LP-solver CLP and MIP-solver CBC available under an open-source license.

With the first release of Gurobi 2009, the focus on CPLEX has slowly shifted
towards Gurobi, which is very often used as a framework. Nevertheless, sev-
eral additional companies also developed their own MIP-solver, e.g., MOSEK,
COPT, and Hexaly. Similarly, the LP- and MIP-solver HiGHS is available as
open-source as well [19].

It is difficult to estimate the role of software licences over time. Today, all major
MIP-solvers have an academic license and there are more and more open-source
codes with admissible licenses. What definitely has not appeared is a common
and community-driven open-source platform for MIP-solving.

STATUS-QUO: CHALLENGES & COMMERCIAL
SOLVERS

One challenge that Discrete Optimization faces, both theoretically and compu-
tationally, is that it has become more mature. For most research topics, it is
not easy to improve the performance of previous methods and generic MIP- or
MINLP-solvers. For example, an improvement of a few percent in running time
is considered as a good progress for general MIP-solvers. Thus, different to a
decade ago, to show an improvement today, one needs a larger test set and to
run several random seeds. Therefore, more computational resources are needed.

This development also affects combinatorial optimization. While in the 1990s
it was easy to be better than a general MIP-solver, this not the case anymore.
Moreover, many specialized codes have been developed (not always publicly
available) and it is hard to identify the best for a particular application.

Now, one could argue that then researchers should just move on and investigate
other topics. In fact, this has partly been done by investigating MINLP more
intensely. However, here the observations at the beginning of the article can
be made in a similar way. Moreover, this move seems to be too early from
a scientific viewpoint: There are many open issues and our understanding of
the behavior of solvers is still limited; as two examples, consider cutting plane
selection (Dey and Molinaro [ 3]) and smoothed analysis of the simplex algo-
rithm (Bach et al. [2]). Moreover, the need for fast solutions in practice is still
there.

One reason for the declining rate of improvement is that we predominantly
focus on performance (which is undoubtedly important for solver-development).
Already Hooker [ 18] criticized this. The goal should actually be to understand
what is happening, at least in mathematical oriented research.

Moreover, today’s MIP-solvers are relatively complex (as is the behavior of
branch-and-cut in general). It is not easy to change/improve them. Indeed, some
in the mathematical optimization community have claimed that solver devel-
opment is an engineering task that should be left to others (outside their field
or academia). However, while engineering is an important aspect, it requires
a deeper understanding to improve the state-of-the-art. Such statements also
support separation rather than inclusion.

All of the above might be one motivation to choose a black-box solver, i.e., as
observed above usually a commercial solver. This lifts the user from the burden
to actually understand what is going on in the solver. But, it has the severe
drawback that performance now depends on a black-box. This is scientifically
very problematic, because the original goal, namely to understand what the best
methods are, is now tied to this solver. Especially if conclusions are drawn with
respect to MIP-models, this is disputable, because a certain solver might not
capture the structure of the particular models well. Moreover, if changes to the
solver happen, the results might change as well — without a transparent reason.

One reason for choosing a single commercial solver might also be ignorance
or laziness. If only one solver is mentioned in presentations or was used in the
past, this is likely the one that is used in further work. It seems that many MIP-
researchers have started with Gurobi (or CPLEX and then moved to Gurobi).

It is also important to discuss the role of commercial software in the area. On
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the one hand, today’s performance is to some extent the result of methods
(both theoretical and computational) developed in Discrete Optimization (but
also software engineering). Thus, people in the area are somewhat proud of
this development and it serves as a selling point to the general public or when
applying for grants or positions. On the other hand, this success makes it hard
to get further improvements. Actually, this development also is not in the in-
terest of commercial software companies, since they would like to hire people
that already have experience in the implementation of MIP or MINLP-solvers.
Ironically, this will never be commercial solvers.

It also seems that the marketing of solver companies work well on many scien-
tists, making them believe that the particular solver is best for every problem.

One important observation here is that often the results of research papers almost
exclusively rely on a relative improvement, i.e., a given baseline is improved.
Choosing this baseline is clearly a delicate business, but supposedly not always
done extremely carefully. For instance, the right baseline is not necessarily the
“best general solver”. Of course, it often does not make sense to use an outdated
baseline. However, the claim that a solver performs best on a certain set of
benchmark instances does not mean that it will do so on others. Thus, taking the
requirement of the best baseline seriously, the baseline would need to be chosen
by comparing all available solvers. This is something that most articles do not
take into account, because the results remain valid even if just a reasonable
choice is taken. It seems that Gurobi has somehow been established as this
reasonable choice. If a different solver is chosen in an article, one might even
be forced to compare to Gurobi by reviewers. This choice has been a decision
and is not mandated by scientific reasons alone.

With respect to the last observation at the beginning of this article, it might also
be that today’s students are not as interested in digging deeper into coding and
high-performance programming languages like C or Julia. The lure of using Al
(vibe coding) and the dominant role of Python in this area, might explain this
effect partly.

One final issue is that the reputation that comes along with excellent theoretical
work is often perceived to be higher than for excellent computational research.
And sadly, excellence for the latter is often not easily accessible: Just ask
yourself how you would define excellence in both domains ...

CONCLUSIONS AND FUTURE DIRECTIONS

One of the most important factors is awareness. Considering the arguments
raised here (and further ones) is one important first step.

Moreover, here are some suggestions:

o Keep an eye on the overall goals of research. What do you want to achieve
and what are the right tools for this? See also Hooker [17].

o Develop sound scientific methods to compare different optimization models,
both theoretically and computationally.

o Try to support computational work, e.g., in university curricula and with
Ph.D. students.

o Distinguish between performance measures for scientific research and prac-
tice. These are only more or less aligned.

o Be mindful when using a black-box solver as the basis of your work.

o Be reminded that the goals of commercial companies do not always align
with the goals of science.

o As an editor or reviewer of journals try to uphold the quality level of compu-
tational work. The solution cannot be to lower the standards.

o Organize workshops/conferences that focus on computational Discrete Opti-
mization.

o Highlight important open computational challenges. Similar to the solu-
tion of famous open mathematical questions or conjectures, this can make
significant computational breakthroughs more visible.

o Possibly support the development of open-source software.

The role of open-source software should be discussed elsewhere, e.g., how to
make them accessible to a community effort.
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