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Abstract

Mixed-Integer Linear Programming (MIP) is applicable to such a wide
range of real-world decision problems that the competition for the best
code to solve such problems has lead to tremendous progress over the last
decades. While current solvers can solve some of the problems that seemed
completely out-of-reach just 10 years ago, there are always relevant MIP
problems that currently cannot be solved. With the Smoothie solver we
intend to solve extremely hard MIP problems by building on the many years
that went into the development of several state-of-the-art MIP solvers and
by utilizing some of the largest computing resources available. The high-
level task parallelization framework UG (Ubiquity Generator) is used and
extended by Smoothie to build a solver that uses large-scale parallelization
to distribute the solution of a single MIP on a shared- or distributed-
memory computing infrastructure, thereby employing several established
MIP solvers simultaneously. For the first development phase, which is the
topic of this report, both FICO Xpress and Gurobi are used in concurrent
mode on a single machine, while information on incumbent solutions and
explored branch-and-bound subtrees is exchanged. A dynamic restarting
mechanism ensures that solver configurations are selected that promise
most suitable for the MIP to be solved. We report on initial findings using
this early version of Smoothie on unsolved problems from MIPLIB 2017.

1 Introduction

MIPLIHIL a library of mixed-integer linear programming problems, is the
standard test set used to compare the performance of MIP (Mixed Integer
Programming) solvers. Since its first release in 1992 [5], it has received
five major updates [6}, [1J, [14], [I0]. Currently (October 2025), developers
of many state-of-the-art academic and commercial MIP solvers are in the
process of preparing the seventh edition of the library, MIPLIB 2024. It
will include again new challenging MIP problems, which are likely going
to drive the development of solver software to tackle these problems.
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To find new improving or even proven optimal solutions for MIPLIB
problems, state-of-the-art academic or commercial solvers have been run
in highly parallelized form on supercomputers [I9] by means of the UG
frameworkEl and its incarnations ParaSCIP [I8] and ParaXPRESS [22].
In its first runs, UG-based parallel solvers solved 23 open instances from
MIPLIB. With MIPLIB 2024 looming, we plan to explore again the
flexibility of the UG framework to develop a new large scale parallel solver
to tackle hard open MIP instances: Smoothie. By joining some of the
strongest MIP solvers available nowadays and utilizing vast computing
resources like supercomputers, we expect to solve MIP instances that
single solvers on single machines cannot solve. In this document, we briefly
introduce Smoothie and its first development steps.

2 Ubiquity Generator (UG) Framework

The UG framework was originally developed to exploit the performance of
state-of-the-art branch-and-bound based solvers in a parallel setting. In the
original version, the base solver that is run in parallel and the parallelization
library that is used to realize communication are abstracted. Popular
instantiations of ug[base solver, parallelization library] include ParaSCIP
(ug[SCIP,MPI]) [I8| 20], FiberSCIP (ug[SCIP,C++ threads]) [23], and
ParaXpress (ug[Xpress,MPI]) [21] 22|, or the parallelization of SCIP-based
solvers with little additional effort [24] [0} [I5].

With version 1.0, UG has evolved into a high-level task parallelization
framework, where not only branch-and-bound-based solvers can be pa-
rallelized, but any kind of parallelizable algorithm where tasks are defined,
collected, and redistributed among workers, following a supervisor-worker
paradigrrEl [16]. To achieve this generalization in UG, the controller
process/thread, named LoadCoordinator, has been abstracted, see also
Figure[I] This allows to design flexible parallel algorithms depending on
the solver used by adding additional message passing, e.g., a solver for the
shortest vector problem that does not rely on branch-and-bound [25].
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Figure 1: The UG Framework version 1.0
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3 Smoothie Phase 1

The abstraction of the LoadCoordinator in UG allows for the development
of Smoothie, where not only the tree search of one branch-and-bound
based solver is parallelized, but also additional MIP solvers are run
in parallel, thereby communicating information that goes beyond the
incumbent solution. For the first development phase, which is the focus
of this report, the information that can be shared among the solvers
and the method of sharing are investigated. For this purpose, a simple
parallelization of MIP solvers, so-called racing or concurrent mode, where
each solver solves the whole problem with different parameter settings, is
used. A natural idea is to communicate incumbent solutions among the
solvers during racing. When using solvers that provide detailed access to
the solving process, also globally valid information like bound tightenings,
cutting planes, or conflicts could be shared [12]. In the following, the basic
idea of generating and sharing so-called no-good cuts among solvers is
explored and a dynamic racing mode is introduced. The racing solvers
used for this phase are FICO Xpress and Gurobi, both being among the
strongest MIP solvers currently available. The corresponding design of
Smoothie is illustrated in Figure
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Figure 2: Smoothie Phase I design

3.1 No-Good Cut Formulation

Consider a MIP given in the following general form:
min{cTa:  Ar <bl<z<wu,x; €ZVjel} (1)

with matrix A € R™*"™, vectors b € R™ and ¢,l,u € R", and a subset
I C {1,...,n} indicating the integer variables. Let B :={j € I : [; =
0,u; = 1} be the index set of binary variables. For any K C {1,...,n},
we denote by zx the vector (zx)kerx. The standard algorithm used to
solve MIP is an LP-based branch-and-bound, which implicitly enumerates
the whole solution space to find an optimal solution z*.

Given an assignment x to the integer variables, a no-good cut is an
inequality that is violated by z; = z, but valid for any other value of z; [2].
The use of no-good cuts has been explored in many algorithms [7} 1T [8]
[I7,[13]). Generally, a no-good cut can be formulated as Ziel(xi —z})? > 1,



but in the context of MIP solvers, a linear formulation is usually preferred
or even necessary. If I = B, such a formulation is easily found to be

Yomt Y (l-m)>1 (2)

i€l:x/ =0 i€l:z!=1
i i

For general integer variables, however, a linear formulation requires the
introduction of auxiliary variables. While one could introduce new auxiliary
continuous and binary variables dynamically whenever the disjunction
x; = x; V 3; # 25 needs to expressed for a fixed x}, i € I [3], for the use
in Smoothie a number of auxiliary variables is introduced a priori. This
has the advantage that no new variables need to be added when adding a
no-good cut during the solving process, something that solvers like Gurobi
and Xpress do not support.

Two reformulations that make amenable to the addition of no-good
cuts are used by Smoothie. Let J C I be the indices of integer variables
which domain is not too wide, i.e.,

J={iel:u;—1; <A}, (3)

for some finite constant A. In the current implementation, A = 30 is used.
‘We then refer to

Ax <b,

I <z<u,

zj € Z, Viel,
uj

min{ c¢'z : “”j:Z’yU’ Vi€ J\B, (4)

i=l;

]

Zyw:l, Vi€ J\ B,

i=l,

vi; € {0,1}, Vi e {l,...,uj},j €J\B,

as natural number based extension of . In addition, the formulation

Az < b,

I<z<u,

zj €Z, Vijel,

zj; =1l + vy, vy e J\ B,

min{ ¢z : k; (5)
vi=Y 2y, ¥j € J\B,
i=0
v; <wuy; —1j, VjGJ\B,
vi; € {0,1}, Vi€ {0,...,k;},7 € J\ B,

where k; := min{k € N:u; —; <2}, j € J\ B, is referred to as binary
number based extension.

3.2 Racing Mode with No-Good Generation and
Distribution

Smoothie runs several instances of solvers Gurobi and Xpress in parallel in
different threads, each one using either formulation or and one of



a number of different parameter settings. Whenever a solver finds a new
incumbent solution, it is transferred to all other solvers, and when one
solver has proven optimality, a termination signal is send to all solvers.

To avoid that some branch-and-bound subtrees have to be explored
over and over again, no-good cuts are generated for subsets of J, stored
and filtered in the racing solvers and LoadCoordinator, and distributed to
other solvers. A no-good cut is generated in the node callbacks of Gurobi
and Xpress when the number of integer variables that take a fractional
solution in the current LP relaxation or have a wide domain is small.
That is, let £ be the solution of the LP relaxation in the node where the
node callback is called, and F :={j € J : &; € Z} U (I \ J) be the set
of fractional or wide-domain integer variables. If ¢ < |F| < ® for given
thresholds ¢ and ®, then the solver instance from which the node callback
is called (that is, Gurobi or Xpress on formulation or with the
racing solvers settings) is copied and the fixings z; := Z;, j € I \ F are
applied. This local branching MIP is then solved using a limit on the
solvers deterministic time (also called work limits). If a new incumbent
solution is found, then it is stored and transferred to all solvers. Otherwise,
if optimality or infeasibility was proven but no improving solution was
found, then a no-good cut is generated that forbids the values (Z;),cr\ -
This no-good cut is then stored in the solvers no-good container. If solving
the local branching MIP required branching operations, that is, a non-
trivial subtree had to be explored, then the no-good is also transferred to
the LoadCoordinator. Otherwise, the bound ® is increased to potentially
increase the difficulty of future local branching MIPs. If the local branching
MIP could not be solved within the deterministic time limit, then the
bound ® is decreased.

The no-good containers in the LoadCoordinator and the solvers take
care of removing duplicates and dominated no-goods. Solvers add the
no-goods from the LoadCoordinator to their local no-good storage regularly
and apply new no-goods while running.

For solvers which dual bound is currently best among all solver, a
different no-good strategy is applied. Since such solvers are most promising
in solving the problem to optimality, they are not interrupted for the
generation of no-goods. In addition, currently no no-goods are applied by
such solvers. This is due to an empirical observation where the addition
of no-goods has been slowing down Gurobi considerably.

3.3 Dynamic Racing

With the racing mode as described so far, all solvers start without a
known feasible solution and an empty set of no-goods. However, having
a good primal bound and a number of strong no-goods already available
during presolve may lead to considerable problem reductions which could
go beyond the tightening of variables bounds that can be applied during
solving, unless the solver decides to restart by itself. Further, since solvers
typically search for feasible solutions more aggressively in the beginning of
the solving process, having a good primal solution available at the start
may be more helpful than updating the incumbent later in the search [4].

To explore the possible benefits from having a good primal solution
and no-good cuts available during presolve and root node processing, the
five solvers with the worst dual bound are stopped and replaced by new
tasks when the incumbent solution is updated. The configuration for the
new tasks are chosen to be:



1. The solver, formulation ( or ), and parameter settings of a
racing solver that currently has the best dual bound.

2. Gurobi with formulation and default parameter settings.
3. Gurobi with formulation and default parameter settings.
4. Xpress with formulation and default parameter settings.
5. Xpress with formulation and default parameter settings.

All new solvers are given the new incumbent solution and the latest no-
goods before presolve. In addition, if, instead of a new incumbent, a new
no-good is added to the container in the LoadCoordinator, a solver with
worst dual bound is replaced by one with the configuration of a leading
solver (item 1 above).

To avoid that a solver that has just been restarted will be terminated
again immediately, solvers that did not run at least a specific amount of
time are not replaced. Instead, up to 10 solvers with most inferior dual
bound are considered for replacement. If all of them have not reached
their minimal running time yet, the restart of solvers is postponed.

4 Preliminary Computational Results

For initial tests, Smoothie has been build for a Linux/amd64 architecture
with C++ threads as parallelization library, Gurobi 12.0.1, and FICO
Xpress 45.01.02. After ensuring that the code runs sufficiently stable on a
testset of over 3000 small to medium-size MIPs, we aimed to find improving
solutions for the 221 problems in category open of MIPLIB 2017.

Smoothie was run on a cluster at Zuse Institute Berlin, which machines
differ in their hardware configuration (CPUs: AMD Epyc 7542, Intel
Xeon Gold 6246, Intel Xeon Gold 6338, Intel Xeon Gold 6342, Intel Xeon
E5-2680, Intel Xeon E5-2697, Intel Xeon E5-4640, Intel Xeon E7-4830v3;
RAM: 512GB or more). We ran Smoothie with 25 threads, each run using
a compute node exclusively, and being limited to 506GB of RAM and a
time limit of 12 hours. If Smoothie did not terminate within twice the time
limit or reached the memory limit, the run was canceled by the cluster
scheduler. For now, a best known solution was not given to Smoothie.

Initially, for half the threads, Gurobi was run in single-threaded mode,
each instance of Gurobi using a different seed for the random number
generator. For the other half, Xpress was run, also in single-threaded
mode, and using a different seed for the random number generator for each
instance. In addition, the following parameters varied between different
Xpress solvers: HEURSEARCHROOTSELECT, HEURSEARCHTREESELECT, HEUR-
SEARCHEFFORT, CUTFREQ, CUTFACTOR, TREECOVERCUTS, GOMCUTS, TREEGOM-
CUTS, VARSELECTION, PREPROBING, SBEFFORT, and SBESTIMATE. For the
limits on the size of the local-branching MIP (number of fractional or
wide-domain integer variables, cf. Section [3.2)), the lower bound was set to
¢ = 350 when solving with Gurobi and ¢ = 335 when using Xpress. The
upper bound ¢ was initially set to 3000. The deterministic time limit for
the local-branching MIP has been set to 700. If it could not be solved
within this limit, then ® is decreased by 10%. If it could be solved without
branching, then @ is increased by 5%. The minimum time a solver has to
run before it can be replaced in dynamic racing, cf. Section has been
set to 1200 seconds.



Table[I]summarizes the problems from MIPLIB 2017 for which Smoothie
was able to improve the best known soluti(;@ The obtained solutions
were checked with MIPLIB’s solution checker’l and the maximal absolute
violation of integrality and constraints is reported. Even in this early state,
Smoothie has already improved the best known solution for 11 problems.

problem best known improvement violation
bharat 4170993 4039609 3.8e-7
bmocbd3 -373554910 -373568021 5.3e-9
cdc7-4-3-2 -296 -307 0.0
ds-big 195.43983 194.58675 0.0
ivub9 931 927.89475 3e-11
mining -833555203 -833589149 0.0
neos-3682128-sandon 34666770 34666767 1.2e-6
neos-4264598-oueme 6038454 6006962 5.7e-6
neos-5151569-mologa 686759699 686748326 4.4e-8
sctb -228.11949 -228.12919 4e-15
supportcase35 -501.23489 -34925.7 0.0

Table 1: Open MIPLIB 2017 problems for which an improving solution was found
by Smoothie. Column “best known” shows the objective value of the incumbent as
given by miplib.zib.de (version 35 of the solution file). Columns “improvement” and
“violation” report the objective value and the maximal violation of integrality and
constraints of a better solution found by Smoothie.

Table Rlsummarizes instances that Smoothie could solve or almost solve
to optimality. Due to the early state of development, and since we cannot
verify the computed dual bounds independently, these results should be
taken with caution. We were especially surprised by the performance for
open problem supportcase35: a Gurobi instance that was spawned by
Smoothie found the new solution and proved optimality in just 17 seconds.

5 Future Extensions

The targeted design of Smoothie is depicted in Figure [3] Smoothie can be
seen as an extension of UG[Xpress,*]. While the latter provides a racing
ramp-up phase and a large-scale distributed parallelized tree search [21} [22],
Smoothie extends this algorithm by additional solvers that run primal
heuristics only and solvers that run in racing mode and generate no-goods,
as described in the previous section. In the final version, Smoothie is
expected to adapt the tasks to be executed dynamically. For example, if
the number of open branch-and-bound nodes stored in the LoadCoordinator
is not sufficient to keep all solvers busy, more solvers may be used for the
dynamic racing mode, or solvers may be targeted to search for primal
solutions only. It may also be possible to distribute a primal heuristic over
several solvers.

When solving a single MIP using a large-scale parallelized tree search
approach, it is imperative to take precautions against failing compute nodes,

4The results for ds-big, neos-3682128-sandon, and sct5 were produced from an earlier
run with initial ® = 2000 (instead of 3000), the deterministic time limit for the local-branching
MIP set to 50 (instead of 700), the minimum time a solver has to run before being replaced
set to 60 seconds (instead of 1200), and the time limit for Smoothie itself being 6 hours only.
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problem primal bound dual bound gap
adult-regularized 7022.9535 7022.9535 0.0000%
bmocbd3 -373568021  -373603472 0.0095%
dlril 2708118 2707853 0.0098%
gmut-76-40 -14169191 -14169529 0.0024%
gmut-76-50 -14170602 -14171898 0.0091%
mining -833589149  -833599983 0.0013%
minutedispatchstrategy 3109.9026 3109.8537 0.0016%
neos-2974461-ibar 468906175 468728796 0.0378%
neos-3740487-motru 164.46917 164.46917  0.0000%
neos-4290317-perth 3017237 3017035 0.0067%
neos-4647032-veleka 27214.48 27213.98  0.0018%
neos-5044663-wairoa 4654500 4654200  0.0064%
neos-5151569-mologa 686748326 686484941 0.0384%
sctb -228.12919 -228.1468 0.0077%
shs1014 22671.197 22668.356 0.0013%
shs1042 11070.702 11067.84 0.0258%
snp-06-004-052 1869533045 1869529031 0.0002%
snp-10-004-052 5906645422 5906645422  0.0000%
supportcase3l -3720093 -3721150 0.0284%
supportcase35 -34925.7 -34925.7  0.0000%
supportcase39 -1085058 -1085232 0.016%
uccasel0 39133.657 39123.873 0.025%

Table 2: Open MIPLIB 2017 problems which optimality gap could be closed or almost
closed. Columns “primal bound” and “dual bound” report the bounds computed by
Smoothie, and column “gap” the corresponding relative gap.

reaching resource limits (time, memory) in solvers, or even an outage of the
LoadCoordinator. For this reason, UG contains a checkpointing mechanism
that periodically writes a state of the search (e.g., the incumbent solution
and branch-and-bound nodes currently explored or waiting to be processed)
to disk. When the solver fails, or has to be interrupted, UG can restart from
the checkpoint instead of resuming the search completely from scratch.
However, since a lot of nodes may be open at any time, only a set of
nodes that cover all open nodes as children are actually included in the
checkpoint. This has the disadvantage, that the information about some
subtrees being explored already is lost. Including the newly added no-
goods into the checkpointing file should improve at this point, since these
no-goods correspond to some already explored subtrees.

Finally, we also want to consider including additional state-of-the-art
commercial or academic solvers, e.g., COPT, HiGHS, or SCIP. While
the APIs of COPT, Gurobi, and HiGHS are currently not sufficient to
parallelize their tree search via UG, these solvers could still be used for
racing, no-good generation, or primal heuristics.

Eventually, we aim to use Smoothie to solve extremely hard MIP
instances to optimality by utilizing several state-of-the-art solvers and over
a million CPU cores for the solution of a single MIP.
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