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Abstract
Dual degeneracy, i.e., the presence of multiple optimal bases to a linear programming
(LP) problem, heavily affects the solution process of mixed integer programming
(MIP) solvers. Different optimal bases lead to different cuts being generated, differ-
ent branching decisions being taken and different solutions being found by primal
heuristics. Nevertheless, only a few methods have been published that either avoid or
exploit dual degeneracy. The aim of the present paper is to conduct a thorough com-
putational study on the presence of dual degeneracy for the instances of well-known
public MIP instance collections. How many instances are affected by dual degener-
acy? How degenerate are the affected models? How does branching affect degeneracy:
Does it increase or decrease by fixing variables? Can we identify different types of
degenerate MIPs? As a tool to answer these questions, we introduce a new measure
for dual degeneracy: the variable–constraint ratio of the optimal face. It provides an
estimate for the likelihood that a basic variable can be pivoted out of the basis. Fur-
thermore, we study how the so-called cloud intervals—the projections of the optimal
face of the LP relaxations onto the individual variables—evolve during tree search
and the implications for reducing the set of branching candidates.
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1 Introduction

In this paper, we analyze dual degeneracy emerging in linear programming (LP) relax-
ations solved during the solution process of generic mixed-integer (linear) programs
(MIPs) in standard form:

min{cT x : Ax = b, x ≥ 0, x j ∈ Z ∀ j ∈ J }

where x ∈ R
n is the solution vector, c ∈ R

n , A ∈ R
m×n , b ∈ R

m , and J ⊆ N =
{1, . . . , n}. In the following, x may consist of both structural variables as well as
artificial slack variables introduced to obtain this form. For the ease of presentation,
we do not consider explicit upper bounds on the variables in our notation. However,
all measures introduced in the following can be easily extended to that case.

MIPs are typically solved with the LP-based branch-and-bound algorithm (Land
and Doig 1960; Dakin 1965), which recursively splits the problem into subproblems
until those are easy to solve or can be shown to not contain a solution that improves the
best one found so far. In this process, LP relaxations of the subproblems—obtained
by omitting the integrality restrictions—are solved repeatedly. On the one hand, they
provide solution candidates; on the other hand, the optimal LP value provides a lower
bound on the optimal value of the current subproblem.

The algorithmof choice to solveLP relaxation during the branch-and-boundprocess
is the simplex algorithm (Dantzig 1951; Lemke 1954; Beale 1954). It chooses a subset
B of the variable index set N = {1, . . . , n} of size m such that the square matrix A·B ,
containing only the columns with index in B, is regular. Then, xB := A−1

·B b and
xN\B := 0. Now, in each iteration of the simplex algorithm, a pivot operation is
performed which exchanges one of the variables in B (called the basic variables) for
one in B̄ = N \ B (the non-basic variables). Given any basis B, the objective value of
any LP solution can be expressed as the sum of the current LP objective and the sum
of the products of the change in the value for each non-basic variable with its reduced
cost c̄ j , see Chvatal (1983). As a consequence, an LP solution with corresponding
basis B is optimal if c̄ j ≥ 0 for all j ∈ B̄, i.e., the reduced costs for all nonbasic
variables are non-negative. The basis B also determines a solution to the dual LP
max{yT b : yT A ≤ c, y ∈ R

m}. A basis B is called optimal if both the associated
primal and dual solutions are feasible, implying that both solutions are optimal for
their respective problem.

Degeneracy describes the case that multiple simplex bases correspond to the same
primal or dual solution of a linear program (LP). It has been a topic of interest since the
invention of the simplex method, see, e.g., Orchard-Hays (1958) and Chvatal (1983).
A solution to an LP is called primal degenerate if there are basic variables set to 0 in
the solution. Those variables can be pivoted out of the basis to obtain a different basis
that still represents the same primal solution. Primal degeneracy can be a consequence
of redundant constraints, but may as well be inherent in the specific problem and
unavoidable.
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Fig. 1 Illustration of primal and dual degenerate solutions

In this paper, we are focusing on dual degeneracy. An LP solution is called dual
degenerate if the corresponding dual solution is (primal) degenerate. The dual solution
is degenerate if one of the primal non-basic variables has a reduced cost of zero.
These variables will be called dual degenerate in the following. A dual degenerate
optimal LP solution implies that there might be alternative optimal solutions to this
LP. More specifically, each dual degenerate variable can be pivoted into the basis
without changing the objective value. Thus, multiple optimal bases are guaranteed to
exist. If the variable that is pivoted out of the basis is not subject to primal degeneracy,
i.e., was not at its bound before, this corresponds to a distinct primal optimal solution
represented by the new basis.

An illustration of the two types of degeneracy is given in Fig. 1. The two black
points (and all points on the line in between) are optimal solutions; thus, the two
black points are both dual degenerate basic solutions. The black point on the left,
with coordinates (1, 2), lies at the intersection of exactly two hyperplanes, defined
by constraints x2 ≤ 2 and x1 − x2 ≥ −1: with only two structural variables (plus
slack variables), this solution is primal non-degenerate. On the other hand, the black
point on the right, with coordinates (2, 2), lies at the intersection of three hyperplanes,
associated to the three constraints x1 ≤ 2, x2 ≤ 2, and x1 + x2 ≤ 4. Even if both
structural variables are basic, the slack variable of one of those inequalities has to be
basic as well, although the inequalities are all fulfilled with equality, meaning that
one slack variables has value zero and is degenerate. Therefore, this solution is primal
degenerate. Again, note that while in this simple two-dimensional example primal
degeneracy is caused by the presence of a redundant constraint, x1 + x2 ≤ 4, this is
not true in higher dimensions, so primal degeneracy is in general unavoidable. Finally,
the slack variable associated with x1 − x2 ≥ −1 has a reduced cost of zero on the left
black point, which is thus dual degenerate.

In case of dual degeneracy, which of the alternative optimal solutions is returned
by a simplex-based LP solver is arbitrary and cannot be predicted in most cases. An
exception is the case when the simplex algorithm employs the lexicographic pivot-
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ing rule, which is, however, rarely used in practical applications due to its inferior
performance. While obtaining a random optimal solution may be acceptable when
solving a pure LP, it quickly becomes an issue for LP relaxations being solved during
the solving process of a MIP solver. Such a solver takes many decisions based on the
current LP solution, and, if this solution is just arbitrary among many possible ones, a
slight change in the simplex implementation can lead to a very different LP solution
being returned. As a consequence, the decisions that are taken based on the LP solution
may change, and therewith the subsequent solving process can vary significantly. Such
sensitivity to small, seemingly performance neutral, changes in the algorithm is called
performance variability (Koch et al. 2011; Lodi and Tramontani 2013) and should
typically be avoided. Taking into account dual degeneracy and potentially multiple
optimal LP solutions may be a means to reduce performance variability and make the
solver more stable.

Besides the reduction of performance variability, dual degeneracy can be exploited
within a MIP solver to take better decisions. Rather than relying on the limited infor-
mation that a single computed LP solution provides, it may be preferable to take
into account multiple optimal LP solutions or to select a particular one among the
set of optimal solutions. The primal solution polishing method, as implemented in
SoPlex 3.1 (Gleixner et al. 2017a), is an example of the latter case, which mainly aims
at increasing the integrality of the LP solution to aid primal heuristics and branching
rules. On the other hand, concurrent root cut loops (Fischetti et al. 2016) are an example
of the former case that exploits a small set of optimal solutions for the separation pro-
cess. The pump-reduce procedure (Achterberg 2013) combines both ideas by trying to
construct an LP solution with fewer fractionalities and using both the original as well
as the updated LP solution for the selection of cutting planes. For primal degenerate
LPs, dual variable picking (Bajgiran et al. 2017) tries to increase the number of reduced
cost fixings by the investigation of multiple dual solutions. Multiple ways to exploit
degeneracy in different algorithmic components of the MIP solver Gurobi are dis-
cussed by Achterberg (2018). Finally, the authors of this paper investigated branching
improvements obtained by exploiting dual degeneracy and the knowledge of multiple
optimal LP solutions (Berthold and Salvagnin 2013; Berthold et al. 2019a).

All theseworks are based on the claim that degeneracy is very common in real-world
MIP instances. In this paper, we perform an empirical analysis of dual degeneracy
in MIP instances in order to reinforce that claim and provide further motivation to
consider degeneracy in more components of MIP solvers.

The paper is structured as follows. In Sect. 2we introduce twodegeneracymeasures,
and then use them to computationally analyze, at the end of the root node, how many
models are affected bydual degeneracy and towhich extent, using a collection of public
benchmark instances. Then, in Sect. 3, we evaluate howdegeneracy evolves during tree
search, showing that, on average, the degree of dual degeneracy stays almost constant.
Finally, in Sect. 4, we evaluate how dual degeneracy affects LP solution values, and
comment on the implications of our findings on the branching variable selection. In
particular, we show that a high dual degeneracy often allows a significant number of
branching candidates to move to an integer value while staying on the optimal face,
indicating that those are poor branching candidates, and this should be taken into
account by branching strategies. Conclusions are drawn in Sect. 5.
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2 Dual degeneracymeasures

We will use two measures of dual degeneracy in the following. The first one is a
classical measure in this context, and follows directly from the definition of dual
degeneracy. The degeneracy rate counts the relative number of dual degenerate non-
basic variables.

Definition 1 (Degeneracy rate) Let an LP min{cT x : Ax = b, x ≥ 0} be given as
well as an optimal basis B and the corresponding non-basis B̄ and reduced costs c̄.
Then, we call

α = |{ j ∈ B̄ | c̄ j = 0}|
|B̄|

the degeneracy rate of the basic solution.

The degeneracy rate α expresses which share of the non-basic variables may be
pivoted into the basis, which potentially assigns a fractional solution value to these
variables that are initially at their (integral) bound. However, it may be even more
interesting to know that a basic variable with a fractional value may be pivoted out
of the basis, making it integral. For example, such a variable is typically considered a
bad candidate for branching as the dual bound of at least one child node will not be
improved by branching on that variable.

When considering a particular instance, we would expect an increased degeneracy
rate to result in a higher number of basic variables that can be pivoted out of the
basis. However, the share of non-basic dual degenerate variables would be the same
(50%) if one of only two non-basic variables were dual degenerate as it would be
if 500,000 out of a million non-basic variables were dual degenerate. For the same
number of constraint and thus, the same basis size, however, the latter will probably
allow pivoting more of the current basic variables out of the basis.

This observation is our motivation for introducing a second dual degeneracy mea-
sure. It is based on an analysis of the optimal LP face, which can be obtained by
fixing all variables—including slacks—to their current LP value whose reduced costs
are non-zero, using the reduced costs associated with the starting optimal basis B.
Then, one can use an appropriately modified objective function and optimize over the
restricted LP to move to different optimal bases that potentially represent alternative
LP optima, an approach used by several ideas to exploit dual degeneracy (Achterberg
2013; Berthold and Salvagnin 2013). The variable–constraint ratio of the optimal
face is given by the quotient of the number of unfixed variables and constraints in the
restricted problem.

Definition 2 (Variable–constraint ratio) Let an optimal basis B for the LP min{cT x :
Ax = b, x ≥ 0} be given as well as the corresponding non-basis B̄ and reduced
costs c̄. Then, we call

β = |{ j ∈ N | c̄ j = 0}|
|B|

the variable–constraint ratio of the basic solution.
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Note that we write |B| in the denominator, since the basis size is equal to the
number of constraints. Since the basic variables have zero reduced costs by definition,
the variable–constraint ratio is always 1 or larger. For highly degenerate problems, it
can be arbitrarily large if the problem has many more variables than constraints.

While even a single dual degenerate variable can be sufficient to allow pivoting
all basic variables out of the basis in turns, we expect the chance that many of the
basic variables can be pivoted out of the basis to be higher the more dual degenerate
non-basic variables there are per basic variable, i.e., the higher the variable–constraint
ratio is.

Our computational analysis of dual degeneracy was performed using the aca-
demic MIP solver SCIP 5.0.1 (Achterberg 2007; Gleixner et al. 2017a) with
SoPlex 3.1.1 (Wunderling 1996; Gleixner et al. 2017a) as the underlying LP solver.
Weused a development version of SCIP (git hash0b5a1e8) to determine and analyze
the dual degeneracy of the LP solutions obtained during the MIP solving process.

The observations we describe in the following naturally depend on the solver
and, in particular, the branching rule used for the experiments. We used reliability
branching (Achterberg et al. 2005), because it is a state-of-the-art rule used (in slight
variations) by many solvers. Therefore, we are optimistic that the results should trans-
fer both to other solvers and other common branching rules.

As test set, we use the MMMC test set which is the union of different common
MIP benchmark sets. It contains all instances from MIPLIB 3 (Bixby et al. 1998),
MIPLIB 2003 (Achterberg et al. 2006), and the MIPLIB 2010 benchmark set (Koch
et al. 2011) as well as the Cor@l test set (http://coral.ie.lehigh.edu/data-sets/mixed-
integer-instances/), which mainly contains instances that users worldwide submitted
to the NEOS server (Czyzyk et al. 1998). Duplicate instances were removed, leaving
us with a total of 496 instances.

All computational experiments presented in the following were performed on a
compute cluster with 48 compute nodes, running only one job per node at a time.
Each compute node provided two Intel XeonGold 5122 CPUs at 3.60GHzwith 96GB
main memory. Computing detailed degeneracy information can be time consuming;
therefore, we applied a time limit of 2 days per job.

To get a first impression of how these instances are affected by dual degeneracy, we
analyze the final root LP solution of SCIP in the remainder of this section. That is the
LP solution after presolving, node preprocessing, the cutting plane separation loop,
and potential restarts. In the next section, we will examine the amount of degeneracy
inherent in the LP solutions throughout the branch-and-bound tree search.

Note that we applied the default cutting plane separation methods of SCIP . We did
an additional experiment where we disabled separation completely: however, this did
not result in a significant difference concerning the observed degrees of degeneracy.

Figure 2 illustrates the degeneracy rate for the final root LP solutions. We disregard
non-basic variables that have beenfixed at the root node, independently of their reduced
costs. The degeneracy rate is between 0% (if all non-basic unfixed variables have non-
zero reduced cost) and 100%(if all non-basic unfixedvariables have reduced cost zero).
Each bar shows the number of instances with degeneracy rate in a certain 10% range
(except for the first bar, all bars are left-open). Instances with the extreme degeneracy
rates of 0% and 100% are highlighted in the respective bars by a darker color.
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Fig. 2 Share of non-basic variables that are dual degenerate (final root LP). The darker parts represent
instances with the extreme degeneracy rates of 0% and 100%
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Fig. 3 Variable-constraint ratios (log scale) of the optimal face for instances in the MMMC test set (final
root LP)

Out of the 496 instances, 56 instances are solved at the root node before degen-
eracy information is computed. Of the remaining 440 instances, only 55 instances
show no dual degeneracy in the solution of the final root LP. On the other hand, 13
instances have only degenerate non-basic variables, i.e., have a degeneracy rate of
100%. These instances are pure feasibility problems with a zero objective function in
the original model (6 instances), after presolving (4 instances), or after root processing
(3 instances). For the majority of instances, degeneracy tends to cover either only a
few or almost all variables: 158 instances have a degeneracy rate no larger than 10%
while the rate is larger than 90% for 119 instances. The remaining instances distribute
among the degeneracy rates from 10 to 90% with slightly fewer instances at medium
ranges.

The variable–constraint ratios for the final root LP of the 440 instances from the
MMMC test set not solved before degeneracy informationwas computed are presented
in Fig. 3. There are 55 instances with a ratio of 1.0, which are the instances showing
no degeneracy at all. 111 and 129 instances have ratios larger than 1 but no larger than
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1.1, and larger than 1.1 but no larger than 1.5, respectively. Overall, 374 instances have
a variable–constraint ratio of the optimal face no larger than 2.0 and 412 instances
have a still reasonable ratio of 3.0 or smaller. On the other hand, there are 10 instances
with a ratio larger than 10; one of them even has a ratio of 120.

Let us note that we were not able to identify a correlation between the degeneracy
measures at the root node and the hardness of a problem or its performance variability.
A reason for this may be that degeneracy measures can vary significantly during the
tree search, as we will see in the following.

3 Evolution of dual degeneracy throughout the tree search

We observed degeneracy in the final root LPs of most of the regarded instances, but
that alone is not enough to understand how degeneracy evolves during the tree search.
In order to investigate this, we ran each instance with a node limit of 1 million, and
computed the average degeneracy per depth level by first averaging over all nodes of
one depth for each individual instance, and then averaging again over the instances
averages for each depth level. Note that we disregard variables fixed by branching or
domain propagation for the degeneracy computation and only compute the degeneracy
share of the unfixed variables. The observed average degeneracy rate is almost constant
during the tree search. At the root node, the average degeneracy rate is 45.8%, at depth
100, it is 45.7%. In between, it varies slightly between 44.4 and 49.4%.

While the average degeneracy rate is almost constant during the tree search across
the testbed, it can evolve significantly on individual instances, in both directions. This
is depicted in Fig. 4, which focuses on the change in the average degeneracy rate
per depth level for the first 20 levels of the tree,1 compared to the degeneracy of the
final LP of the root node (after potential restarts). Each instance is represented by
one point per depth level; the color of the point represents the root degeneracy of the
instance. The x-axis represents the depth level; coordinates are jittered and points are
drawn translucent to better display the density of instances at common degeneracy
differences. The y-coordinate of a point represents the average difference between the
degeneracy of that instance at the corresponding depth level to its degeneracy rate
at the root node. Note that we use a square root scaling of the y-axis, i.e., we take
the square root of the absolute difference, but keep the sign. This scaling provides a
higher resolution for smaller values while still allowing for values with an absolute
value smaller than one. In particular, it allows for zero values, as opposed to a log
scaling.

We observe that many instances change their degeneracy rate during the tree search.
There are roughly the same number of instances with increasing degeneracy rate at
deeper levels as with decreasing degeneracy rate. The variance increases with the
depth, which is reasonable as the deeper a subproblem is in the tree, the more different
it is to the global problem. This explains why we observed an almost constant average.

1 We chose this limit because the number of instances reaching this level is still reasonable: out of the 440
instances for which we computed the degeneracy at the root node, 327 reached a tree depth of at least 20.
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In order to better evaluate the distribution of the points, Fig. 4 also shows a box
plot. It shows that the median is around 0 for most of the depth levels; it reaches its
highest absolute value at level 20, where it is at − 0.03%. Half of the instances do
not change their degeneracy rate a lot, as illustrated by the box. Up to depth level 5,
50% of the instances change their degeneracy rate by less than 1%, compared to the
root node. Up to depth 10, the change is less than 2% for half of the instances. Even
at level 20, the average change in degeneracy rate is between − 4.3 and 1.7% for 50%
of the instances. On the other hand, there are also 25.7% of the instances that change
their average degeneracy rate by more than 10% at level 20, and almost 12% that
change by more than 25%. Unsurprisingly, instances that reduce their degeneracy rate
typically started with a high degeneracy rate at the root node, while those increasing
the degeneracy rate often had comparably small degeneracy rates at the root LP.

Figure 5 shows the development of the variable–constraint ratio in the tree. As in
the previous figure, each instance is represented by one point for each depth level,
jittered to better show the number of instances in common regions. The y-coordinate
corresponds to the variable–constraint ratio, using a log10 scale this time since all
values are greater than or equal to 1.0. The color of each point displays the average
degeneracy rate of this instance at the corresponding depth level. The y-axis is capped
at 10 to allow a more detailed view of the most interesting region. There were 134
instance/depth combinations (coming from 27 different instances) with higher ratios.

We observe a tendency that the variable–constraint ratio slightly decreases when
the depth increases. An exception is the larger ratio in depth one compared to the root
node, which is consistently identified by average, median, and the quartiles in the box
plot. An implementation detail of SCIP causes this increase: at the end of the root node,
all cutting planes that are not tight are removed from the LP. Thus, the denominator of
the variable constraint ratio is decreased for the following nodes. Therefore, the ratio
increases. The box plot shows that 75% of the instances have an average variable–
constraint ratio of less than 1.75 at depth 1 and 2. This number decreases by increasing
depth level and is less than 1.5 for depth levels 19 and 20.We can also see that no more
than 25% of the instances have a ratio smaller than 1.02, which means that for more
than half of the instances, the ratio is in a reasonable range. We further observe that
instances with a large variable–constraint ratio typically have a high degeneracy as
well. There are exceptions, though, one of them being instance neos-495307, which
has an average degeneracy rate of less than 4% at all depth levels. However, since its
matrix dimensions are very unbalanced (it has more than 9000 variables and only 3
constraints), the variable constraint ratio is very large. It slowly decreases from 26 at
the root node to 18 at depth 20.

This study of degeneracy allows us to give an answer to the question we posed at
the beginning of Sect. 2 concerning the frequency of dual degeneracy in standard MIP
models. For 87.5% of the instances, the root LP solution is subject to dual degeneracy.
Throughout the tree, almost half of the non-basic variables are dual degenerate on
average. At the same time, the variable–constraint ratio is larger than 1.2 for more than
half of the instances up to depth level 17. Together, these numbers indicate that many
variables can change their status from basic to non-basic or vice versa in alternative
optimal LP solutions.
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We conclude that dual degeneracy is prevalent in standard MIP models. It should
therefore become standard to consider degeneracy in the development of LP-based
algorithms for MIP solving, be it components of a solver or stand-alone methods, be
it general purpose software or problem-specific applications.

In addition, the analysis above also shows that different models exhibit different
manifestations of dual degeneracy, ranging from constant degeneracy to degeneracy
affected (in either direction) by branching. As such, MIP solver components should
be aware of the different scenarios and react accordingly, not just with the aim of
handling existing degeneracy, but also trying to avoid introducing it.

4 The effect of dual degeneracy on LP solution values

So far, we demonstrated that dual degeneracy is very common in real-world problems.
Howmany of the non-basic variables are affected by dual degeneracy is represented by
the degeneracy rate. But being dual degenerate alone does not guarantee that a variable
can indeed take different values on the optimal face. In this section, we investigate
how often this happens and how this relates to the discussed degeneracy measures. In
particular, we aim at answering the following two questions:

– How many of the integer variables can change their value while staying on the
optimal face?

– How often can they even achieve an integer value on the optimal face?

We introduced the variable–constraint ratio as a secondmeasure for dual degeneracy
with the intent to capture those effects better than the degeneracy rate. Our analysis
will show if this goal was accomplished.

The range in which a variable’s value can be moved while staying on the optimal
face is captured in the cloud interval introduced by Berthold and Salvagnin (2013).
For a set S of alternative LP optima, the cloud interval I j for an integer variable x j is
defined by

I j =
[
min{x ′

j | x ′ ∈ S},max{x ′
j | x ′ ∈ S}

]
.

We are especially interested in the cloud intervals of integer variables. In particular,
we want to identify variables that can take different values in alternative LP optima,
which corresponds to a cloud interval containing more than a single point. We call
such a cloud interval non-trivial. Additionally, we are interested in the case that the
cloud interval contains an integer value, because this implies that there is at least one
optimal solution for which that variable is integral. This might have implications for
solver components, e.g., branching on such variables should typically be avoided since
the dual bound will not improve for at least one child node.

As alreadymentioned in Sect. 2, alternative LP optima can be computed by restrict-
ing the LP to the optimal face and optimizing auxiliary objective functions (Achterberg
2013). In this paper, weminimize andmaximize each variable which is not yet fixed, in
a similar fashion as optimization-based bound tightening (see, e.g., Zamora andGross-
mann (1999), Caprara and Locatelli (2010), Gleixner et al. (2017b)). In the worst case,
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Fig. 6 Share of unfixed integer variables that can change their value on the optimal face, plotted by dual
degeneracy rate (x-axis) and variable–constraint ratio of the optimal face (y-axis) (color figure online)

this requires to solve 2m + n auxiliary LPs: two LPs for each of the m basic variables
and one LP for each non-basic variable. Non-basic variables are initially set to one of
their bounds and can only move in one direction.

Using filtering techniques, see Gleixner et al. (2017b), the number of LPs to be
solved can often be reduced. Nevertheless, it will typically be too large to use this
approach in a practical application at every node of the branch-and-bound tree. From
a theoretical point of view, however, this method is interesting since it determines the
largest possible cloud intervals for each variable. Therefore, we will use this method
for a deeper analysis of the effects of dual degeneracy in MIP models in the following.
More practical methods to sample alternative LP optima are discussed by Berthold
et al. (2019a).

Figure 6 shows how many of the integer variables that remained unfixed after
restricting to the optimal face have a non-trivial cloud interval. Each instance is rep-
resented by one cross that is positioned according to the share of non-basic variables
that are degenerate (x-coordinate) and the variable–constraint ratio of the optimal face
(y-coordinate, log scale). The color encodes the relative number of integer variables
with non-trivial cloud interval.

We see that a small degeneracy rate typically leads to a small variable–constraint
ratio and a small number of integer variables that can change their value on the optimal
face. That is the expected behavior, but there are outliers as well, typically with larger
variable–constraint ratios, that result in a high share of variables with non-trivial cloud
intervals. In general, a variable–constraint ratio of 2.0 or larger leads to non-trivial
cloud intervals for the majority of integer variables. Out of the 63 instances that fall
into this category, 26 have a non-trivial cloud interval for all unfixed integer variables,
48 for at least 90% of the variables. For high degeneracy rates, the variable–constraint
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Fig. 7 Relation between dual degeneracy share (x-axis) and share of unfixed integer variables that can
change their value on the optimal face (y-axis). The blue line shows the moving average over the 30 closest
instances by degeneracy rate (color figure online)
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Fig. 8 Relation between variable–constraint ratio (x-axis) and share of unfixed integer variables that can
change their value on the optimal face (y-axis). Ten instances with a variable–constraint ratio larger than
10 are printed with a ratio of 10 to improve readability. The blue line shows the moving average over 30
closest instances by degeneracy rate (color figure online)

ratios increase. The relative number of non-trivial cloud intervals increases as well.
Out of the 152 instances with a degeneracy rate of 80% or higher, 81 can move all
unfixed integer variable on the optimal face. Out of the same set of 152 instances, 124

123



G. Gamrath et al.

can move at least 90% of the variables. As a comparison: out of the 256 instances
that have a variable–constraint ratio less than 2.0 and a degeneracy rate of less than
80%, only 33 have a non-trivial cloud interval for at least 90% of the unfixed integer
variables.

The one outlier in the upper left area is again instance neos-495307with a degener-
acy rate of 3.7% and a variable–constraint ratio of 25.9. Consequently, all 352 integer
variables at the root node with reduced costs 0 have non-trivial cloud intervals. We
would not have expected this based on the degeneracy rate alone, which illustrates the
usefulness of the variable–constraint ratio as a degeneracy measure.

Next we analyze how the percentage of variables that do not take a distinct value on
the optimal face is correlated to either the degeneracy rate or the variable–constraint
ratio. To depict this correlation, we usemoving averages. In Figs. 7 and 8, each instance
is represented by a cross, with degeneracy rate and the variable–constraint ratio being
the x-coordinate, respectively, and the percentage of variables with a non-trivial cloud
interval being the y-coordinate. The blue line shows a moving average taken over 30
consecutive points according to the quantity on the x-axis. Note that Fig. 7 uses a
linear scale and Fig. 8 uses a logarithmic scale.

The crosses in Fig. 7 indicate that there are two clusters: one around “zero degener-
acy, all cloud intervals singular” and one at “degeneracy larger than 90%, all variables
have non-trivial cloud intervals.” In between, they appear to be all over the place at a
first glance. The moving average reveals that there is a clear correlation between the
degeneracy rate and the percentage of instances with non-trivial cloud interval: the
larger the degeneracy, the higher the chance that a variable can take multiple values
in an optimal LP solution.

Note that in Fig. 8, themajority of instances have a variable–constraint ratio between
1 and 2, but it can grow up to 133 for individual instances, hence we decided to
truncate it at 10. The relation between the variable–constraint ratio and the percentage
of variables with non-trivial cloud intervals can be separated into two parts: Until a
ratio of about 1.5, there is a clear correlation: the more the variable–constraint ratio
deviates from one, the higher the chance that a variable can take multiple values in an
optimal LP solution. When the variable–constraint ratio is large enough (greater than
1.5) the average percentage of variables with a non-trivial cloud interval stabilizes at
around 90%. It is noticeable that there are no crosses in the lower right half of Fig. 8.
Once the variable–constraint ratio grows large enough, it is almost guaranteed that a
certain amount of cloud intervals are non-trivial. There is only one instance with a
ratio larger than 1.5 and less than 10% variables with non-trivial cloud intervals and
there are only two instances with a variable–constraint ratio larger than 2 and less than
50% variables with non-trivial cloud intervals.

Figure 9 illustrates the share of integer variables with non-trivial cloud intervals
per depth level of the branch-and-bound tree for all instances reaching depth 20. The
color scale is similar to the one in Fig. 6 but split into 10% buckets with extra buckets
for candidate reductions of 0% and 100%.

As for the degeneracy rate, the extreme cases are the common ones at the root node.
At the root node, almost 25% of the instances have non-trivial cloud intervals for all
unfixed integer variables. For half of the instances, at least 80% of the unfixed integer
variables have non-trivial cloud intervals. The other extreme—no integer variable can
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Fig. 9 Share of integer variables with non-trivial cloud interval by depth level. Each bar is split into
multiple pieces according to the relative number of instances that have non-trivial cloud intervals for a share
of variables in a particular range (color figure online)

be moved on the optimal face—can be observed for 8.3% of the instances. About 25%
of the instances have non-trivial cloud intervals for less than 20% of the variables. The
remaining instances are split among the other buckets.

For the deeper levels of the tree, we again averaged over all nodes in the respective
level for each individual instance before averaging over the instances. We see that the
two extreme cases happen less frequently in deeper levels of the tree. At depth 20, only
3.2% of the instances cannot move any unfixed integer variable on the optimal face for
all nodes at this depth. This decrease, however, comes with an increase in the number
of instances where more than 0% and less than 10% of the unfixed integer variable
have a non-trivial cloud interval. The sum of these two cases is almost constant over
the different depth levels in the tree and stays at about 20% of the instances.

For instances with a larger number of non-trivial cloud intervals, the picture looks
similar. At depth level 20, only 5% of the instances have non-trivial cloud intervals
for all unfixed integer variables. In return, the number of instances where not all, but
at least 80% of the variables have non-trivial cloud intervals increases. Still, their
share together with the extreme case of all variables having non-trivial cloud intervals
reduces to 40.9%. As a result, there are more instances where some, but not (close to)
all or none, of the unfixed integer variables have a non-trivial cloud interval. These
observations are in line with the slightly decreased variable–constraint ratio in deeper
levels we observed in Sect. 3.

We have seen that for many instances, most of the variables that remained unfixed
when fixing to the optimal LP face have a non-trivial cloud interval. On the one hand,
those are non-basic dual degenerate variables that can be pivoted into the basis and can
thenmove away from their bound. On the other hand, also the basic variables can often
bemoved to different values. That case is of particular interest since the fractional basic
variables play an important role in many algorithms within MIP solvers, in particular,
for branching and cutting.
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Fig. 10 Share of branching candidates with integer value in their cloud interval, plotted by dual degeneracy
share (x-axis) and variable–constraint ratio of the optimal face (y-axis) (color figure online)
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Fig. 11 Relation between dual degeneracy share (x-axis) and share of branching candidates with integer
value in their cloud interval (y-axis). The line shows the moving average over 30 closest instances by
degeneracy rate

For branching, it is useful to know whether a fractional variable can be moved to
an integer value, i.e., whether it has an integer value in its cloud interval. If this is
the case, the branching on this variable does not not improve the dual bound for at
least one child node and the variable would thus not be considered for branching by
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Fig. 12 Relation between variable–constraint ratio (x-axis) and share of branching candidates with integer
value in their cloud interval (y-axis). Ten instances with a variable–constraint ratio larger than 10 are printed
with a ratio of 10 to improve readability. The line shows the moving average over 30 closest instances by
degeneracy rate

many branching rules. Therefore, we call the share of fractional branching candidates
with integer value in their cloud intervals the branching candidate reduction, see the
following formal definition.

Definition 3 (Branching candidate reduction) Let a MIP min{cT x : Ax = b, x ≥
0, x j ∈ Z ∀ j ∈ J } be given, together with an optimal LP solution x� and cloud
intervals I j , j ∈ J . Let F(x�) := { j ∈ J | x�

j /∈ Z} be the set of branching
candidates, i.e., the set of integer variables with fractional value in x�. Then, the
branching candidate reduction ρ is defined by

ρ = |{ j ∈ F(x�) | I j ∩ Z 	= ∅}|
|F(x�)| .

Intuitively, a large branching candidate reduction is favorable as it allows to restrict
the set of promising branching candidates. A special case in this context is a candidate
reduction of 100%. This proves that no branching candidate will improve the dual
bound of both child nodes.

Figure 10 shows the branching candidate reduction at the root node for the instances
of theMMMC test set.As inFig. 6, each instance is represented byone cross positioned
according to degeneracy rate and variable–constraint ratio with the color encoding the
relative reduction in the number of branching candidates. Note that the variable base
set is a different one than in Fig. 6, as we only consider branching candidates and
disregard non-basic variables.
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Fig. 13 Branching candidate reduction by depth level. Each bar is split into multiple pieces according to
the share of instances with branching candidate reduction in a particular range (colour figure online)

As for the non-trivial cloud intervals, a variable–constraint ratio of 2.0 or larger
leads to very high candidate reductions. Out of the 63 instances that fall into this
category, 79.4% can move all branching candidates of the final root LP to an integer
valuewhile retainingLPoptimality.2 Onone instance, the candidate reduction amounts
to 71.4%, while the remaining ones show reductions of around 90% and more. For
large degeneracy rates we observe high branching candidate reductions as well. Out
of the 152 instances with a degeneracy rate of 80% or higher, 127 have an optimal
face in which every initial branching candidate can take an integer value.

Figures 11 and 12 again relate the candidate reduction to the degeneracy rate and
the variable–constraint ratio, respectively, by showing crosses for individual instances
and a moving average (blue line). They confirm observations that we made before: We
see a strong correlation between the degeneracy rate and the candidate reduction, but
also between the variable–constraint ratio and the candidate reduction, for a variable–
constraint ratio less than two. For instances with a variable–constraint ratio larger than
two, the moving average is almost constant at about 98%, and except for one single
instance, we can always achieve a candidate reduction of more than 85%.

As before, we consider the branching candidate reduction for different depth levels
in the tree up to depth 20, see Fig. 13. At the root node, almost 25% of the instances do
not have a single fractional variable that ca bemoved to an integer value on the optimal
face. That number is considerably larger than the number of instances for which all
unfixed integer variables have trivial cloud intervals, see Fig. 9. Also the other extreme,
a branching candidate reduction of 100%, is more often observed than that all unfixed
integer variables have non-trivial cloud intervals. It is the case for almost 40% of
the instances. The remaining instances are split among the other buckets with more
instances going into the more extreme buckets.

As for non-trivial cloud intervals, the two extreme cases happen less frequently
in deeper levels of the tree. Only 11.3% of the instances have a branching candidate
reduction of 0% at all nodes in depth 20. At the same time, however, the number of

2 Note, however, that this does not mean that all variables can be moved to an integral value at the same
time.
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instances with more than 0% and less than 10% candidate reduction increases. The
sum of these two cases is almost constant over the different depth levels in the tree. For
large candidate reductions, the picture looks similar. At depth level 20, only 16.5% of
the instances have a candidate reduction of 100%, while the share of instances with a
candidate reduction between 90 and 100% increases from 6 to 18.7%. Nevertheless,
their sum decreases by more than 10%. Consequently, there are more instances for
which some, but not (close to) all or none of the candidates can be moved to an integer
point. When it comes to exploiting degeneracy within MIP solvers, this may actually
be beneficial, see our discussion of reducing the set of branching candidates. Thus,
taking degeneracy into account may be even more important and promising in deeper
levels of the tree. Here, degeneracy is often still present to almost the same extent as
at the root node but the candidate reduction is less extreme.

5 Conclusions

We performed a computational analysis of dual degeneracy in MIP instances and
demonstrated that it is very common in practical instances from standardMIP problem
collections. To this end, we introduced a newmetric, the variable–constraint ratio, and
combined it with the share of degenerate non-basic variables to obtain an improved
measure of dual degeneracy. The majority of the analyzed instances tend to have an
extreme behavior with respect to dual degeneracy, i.e., either almost all or only very
few variables are affected.

During the branch-and-bound process, the average degree of dual degeneracy is
almost constant. However, we regularly observed large changes in the grade of dual
degeneracy for individual instances in deeper levels of the tree. For some instances,
branching increases dual degeneracy, while for others, it is decreased. Additionally,
we analyzed the effect of dual degeneracy on the uncertainty of the LP solution.
Instances with high dual degeneracy measures often allow many variables to vary
their value across different optimal LP solutions. Perhaps most importantly, a high
dual degeneracy often leads to a large number of branching candidates obtaining
integer values in alternative LP optima, which indicates that they are poor candidates
for branching. Again, both effects tend to occur in extreme manifestations, but get less
extreme at deeper levels of the tree.

The omnipresence of dual degeneracy implies that MIP solvers should take degen-
eracy into account; the changes in the grade of degeneracy advocate that the dual
degeneracy of instances should be measured continuously and not only for the orig-
inal formulation. A prerequisite for that is an effective measure of dual degeneracy.
The combination of two measures that we introduced in this paper fulfills that role and
captures the impact of dual degeneracy well, as we demonstrated in our analysis. It has
already been successfully applied to improve the hybrid branching rule (Achterberg
and Berthold 2009) of SCIP, see Berthold et al. (2019a), and in recent work on local
rapid learning (Berthold et al. 2019b).
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