
On Spanning-Tree Integrality and a new Branching Rule for the
Maximum Cut Problem

Chris Cohadari2 and Sven Mallach1,2

1Network & Data Science Management Group, University of Siegen, Germany
2University of Bonn, Germany

September 17, 2026

Abstract

State-of-the-art exact methods for the Maximum Cut
problem are based on solving linear and semidefinite pro-
gramming relaxations embedded into a branch-and-bound
algorithm. For linear programming formulations, it was
shown recently that it is thereby sufficient to enforce the
integrality of the variables associated with the edges of
a spanning tree. Our first contribution is to extend this
result to the domain of semidefinite programming. We
then present a new branching rule that is designed to ex-
ploit this theoretical foundation in practice. In a compu-
tational study, we demonstrate significant improvements
compared to standard branching rules used in state-of-the-
art solvers employing both kinds of relaxations.

1 Introduction

The Maximum Cut Problem (MaxCut) is a classical
and well-studied combinatorial optimization problem:
Given an undirected graph G := (V,E) with edge weights
c : E → R, determine a cut of G, i.e., an edge set
δ (W ) := {{u,v} : u ∈W, v ∈V \W} for W ⊆V , such that
its value c(δ (W )) := ∑e∈δ (W ) ce is as large as possible.
Besides several optimization problems that translate to
MaxCut in a straightforward fashion [10], there is a long
list of applications [14] that arise from its direct corre-
spondence to Quadratic Unconstrained Binary Optimiza-
tion (QUBO) [3, 11, 16]. At the same time, MaxCut is
N P-hard in the general case [21].

State-of-the-art exact methods to solve MaxCut are
based on linear programming (LP) [9, 27] and semidef-
inite programming (SDP) [28, 23, 15, 17, 8] formula-
tions and have evolved with several recent advancements.
These formulations involve binary variables to model
whether an edge of G is actually cut (“edge variables”),
respectively which of the two partitions of a cut a ver-
tex of G is assigned to (“node variables”). According LP
and SDP relaxations then first neglect the integrality re-
striction of these variables, and solving such a relaxation
provides an upper bound on the value of a maximum cut
of G which is in turn exploited in a branch-and-bound or
branch-and-cut fashion to successively re-enforce the in-
tegrality of the variables. Thereby, assuming w.l.o.g. that
G is connected, it has been shown only recently by Mal-
lach in [26] that it is sufficient to enforce integrality on the
edges of a spanning tree of G for the canonical LP-based
MaxCut formulation by Barahona and Mahjoub [4].

In this paper, we first extend this “spanning-tree inte-
grality” result to the natural SDP relaxation that builds
the basis of prevalent SDP-based MaxCut solvers, and
thus more tangibly to the rich class of binary quadratic
optimization problems that can be modeled by append-
ing further constraints to the underlying SDP formulation.
On this theoretical basis, we then design an accordingly
inspired and novel branching rule that aims to exploit
the sufficiency of spanning-tree integrality in practice, by
guiding the actual subproblem generation in a branch-
and-bound scheme for both LP- and SDP-based ap-
proaches. In an experimental study, we demonstrate sig-
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nificant improvements in the required solution time and
number of branch-and-bound subproblems until proven
optimality when compared to standard and previously
proposed branching rules used in state-of-the-art solvers.
The results of our work are particularly clear in terms of
advancing the state-of-the-art in SDP-based branching. In
the case of LP-based branching, our spanning-tree rule
further improves broadly on the standard rules commonly
used for MaxCut formulations that require the integral-
ity of edge variables. Considering also branching rules
designed for node-variable branching, there is a more dif-
ferentiated picture: We observe considerable performance
gains and superiority for certain instance classes while
rules designed for node-variable branching, in particu-
lar the problem-specific degree-dynamic rule proposed by
Charfreitag et al. in [10], remain more effective on others.

The paper is organized as follows. In Section 2, we re-
view LP- and SDP-based relaxations and branching rules
commonly used in state-of-the-art solvers for MaxCut and
addressed by this work. Moreover, we briefly recall the
recent result on spanning-tree integrality in LP-based for-
mulations that provides the theoretical foundation of our
further developments. In Section 3, we then first formally
extend this result to the SDP domain, before we derive
our actual spanning-tree branching rule in Section 4. We
report on our computational experiments in Section 5. Fi-
nally, a brief conclusion is given in Section 6.

2 Preparations and Related Work

We start by briefly recalling canonical LP- and SDP-based
formulations for MaxCut and the result on spanning-tree
integrality as shown in [26] in the domain of the former.

In reference to the introduction, we assume to be given
an undirected and w.l.o.g. connected graph G = (V,E)
along with edge weights c : E →R, and state first the sem-
inal binary linear programming formulation by Barahona
and Mahjoub [4] which we refer to as (MC-ILP).

max ∑
e∈E

cexe (MC-ILP)

∑
e∈S

xe − ∑
e∈C\S

xe ≤ |S|−1 for all cycles C ⊆ E

and all S ⊆C, |S| odd (1)
0 ≤ xe ≤ 1 for all e ∈ E (2)

xe ∈ {0,1} for all e ∈ E

This formulation involves a binary variable xe for each
e ∈ E that is equal to one if and only if the two end-
points of e are separated by the cut. It is further based
on the well-known fact that an edge subset F ⊆ E is a cut
in G if and only if F intersects with every cycle in G in
an even number of edges. This is precisely established
by the (only non-trivial) constraints (1), called odd-cycle
inequalities, which rule out any odd-cardinality intersec-
tion.

Now the following theorem is a reformulation (imme-
diate consequence) of Theorem 1 in [26].

Theorem 1. Let x̄ ∈ RE be a solution to the LP relax-
ation of (MC-ILP), and let T = (V,ET ) be an arbitrary
spanning tree of G. If x̄ is binary in the components x̄e for
all e ∈ ET , then x̄e ∈ {0,1} for the components e ∈ E \ET
as well and thus x̄ is the incidence vector of a cut in G.

Proof. By Theorem 1 in [26], it is sufficient in (MC-ILP)
to explicitly enforce the integrality of the variables xe that
belong to the edges e ∈ ES of an arbitrary spanning tree
S of G, in the sense that consistent binary values for the
other variables (and thus the incidence vector of a cut)
are then implied by the odd-cycle inequalities (1), even
if these are further restricted to the fundamental cycles of
S. Thus, by choosing S = T , x̄ ∈ {0,1}E follows directly
from the given assumption x̄e ∈ {0,1} for all e ∈ ET .

A common starting point to derive an SDP relax-
ation for MaxCut is the following problem representation,
which we refer to as (MC-ISDP), see also e.g. [28].

max
X∈Sn

1
4
⟨L,X⟩ (MC-ISDP)

s.t. Xii = 1 for all i = 1, . . . ,n (3)
rank(X) = 1 (4)

Here, Sn is the set of symmetric n×n matrices, and L :=
Diag(We)−W is the Laplace matrix of G while e is the
all-ones vector of dimension n and W is the weighted ad-
jacency matrix of G (i.e., wi j = w ji = ci j for all {i, j} ∈ E
with i < j, and wi j = 0 otherwise). Due to (4), a feasible
solution satisfies X = yyT for some y ∈ Rn. This implies
that X is positive semidefinite which we denote by X ⪰ 0.
In addition, (3) enforces that actually y ∈ {−1,1}n, which
encodes the two vertex partitions of a cut in G. Compared
to xi j in (MC-ILP), the interpretation of Xi j is therefore
shifted in the sense that Xi j = 1 if i and j are assigned to
the same partition of V and Xi j =−1 otherwise.
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To finally arrive at an SDP relaxation, the non-convex
rank constraint (4) in (MC-ISDP) is relaxed to X ⪰ 0. We
will show in Section 3 that Theorem 1 can be extended to
this relaxation. Moreover, it is frequently enriched by the
following triangle inequalities:

−Xi j −Xik −X jk ≤ 1 for all 1 ≤ i < j < k ≤ n (5)
−Xi j +Xik +X jk ≤ 1 for all 1 ≤ i < j < k ≤ n (6)

Xi j −Xik +X jk ≤ 1 for all 1 ≤ i < j < k ≤ n (7)
Xi j +Xik −X jk ≤ 1 for all 1 ≤ i < j < k ≤ n (8)

Since we are going to derive branching rules for both
LP and SDP relaxations, we now proceed with discussing
related work in this field.

For approaches based on LP-based formulations with
edge variables like (MC-ILP), it is so far common to rely
on generic branching rules for integer linear programming
such as reliability pseudo-cost or pseudo-cost branching
(see e.g. [1, 13]). The former is for instance the default
branching rule in the optimization framework SCIP [19],
and the latter has been employed by the problem-specific
QuBowl solver by Rehfeldt et al. [27]. Thereby, a new
branching strategy is explicitly mentioned as a poten-
tially promising ingredient for further improvements in
the conclusion of [27]. When using additional node vari-
ables, like in the MaxCut solver McSparse [9], a study by
Charfreitag et al. [10] reveals that their MaxCut-specfic
degree-dynamic branching rule can be superior in certain
cases. We will come back to this in more detail when pre-
senting our computational results in Section 5.

State-of-the-art SDP-based approaches for MaxCut
rely on (enriched) relaxations of (MC-ISDP). Thereby,
the employed branching rules are essentially based en-
tirely on the entries of the matrix obtained from solving
these relaxations. Such rules have been investigated in
[18, 28], resulting in the popular strategy of branching on
a least decided (or “most infeasible”) variable, i.e. one
that has a value furthest from ±1. In fact, this is the de-
fault branching rule used in BiqMac [28], BiqBin [15]
and BiqCrunch [23].

3 Spanning-Tree Integrality for SDP Relax-
ations of MaxCut and Related Problems

In this section, we present an extension of Theorem 1
to the SDP relaxation as described in Section 2. Al-

though the proof may also be laid out more independently
and briefly when using additional algebraic arguments as
noted below, we first provide a complete translative and
constructive one that takes the triangle inequalities into
account and that highlights additional relationships which
may be of utility also in other contexts. In particular, we
emphasize that these results straightforwardly extend to
±1-SDP formulations of the rich class of binary quadratic
optimization problems that can be and are modeled by
appending constraints to (MC-ISDP) that are linear in
X [29].

Theorem 2. Let X̄ ∈ Sn be a solution to the SDP relax-
ation of (MC-ISDP) enriched with the triangle inequal-
ities (5)–(8), and let T = (V,ET ) be an arbitrary span-
ning tree of G (or its completion). If X̄i j is ±1 in the
components for all {i, j} ∈ ET , then X̄i j ∈ {−1,1} for
all i, j ∈ {1, . . . ,n}, i ̸= j. Consequently, X̄ encodes the
incidence vector of a cut in G (and its completion) and
rank(X̄) = 1.

Proof. Since the SDP relaxation of (MC-ISDP) has a
variable Xi j = X ji for all i, j ∈ {1, . . . ,n}, i < j, we first
consider to augment G = (V,E) to a complete graph G′ =
(V,E ′) where each edge {i, j} ∈ E ′ \E receives the weight
ci j = Li j = L ji = 0. In fact, solving (MC-ISDP) (or a re-
laxation of it) for G means precisely solving it for G′.

Let now X̄ be a feasible solution to the SDP relax-
ation of (MC-ISDP) where X̄i j ∈ {−1,1} for the edges
{i, j} ∈ ET of the spanning tree T = (V,ET ) of G′. Using
the bijection xe =

1
2 (1−Xe), we obtain a vector x̄ ∈ RE ′

such that x̄e ∈ {0,1} if and only if X̄e ∈ {−1,1} and
0 < x̄e < 1 otherwise. Moreover, applying this variable
transformation to the triangle inequalities (5)–(8), one ob-
tains their following LP-based pendants (9)–(12).

xi j + x jk + xik ≤ 2 for all i, j,k ∈V, i < j < k (9)
xi j − x jk − xik ≤ 0 for all i, j,k ∈V, i < j < k (10)

−xi j + x jk − xik ≤ 0 for all i, j,k ∈V, i < j < k (11)
−xi j − x jk + xik ≤ 0 for all i, j,k ∈V, i < j < k (12)

Since X̄ satisfies (5)–(8), x̄ satisfies (9)–(12) which
are the particular special cases of the odd-cycle inequal-
ities (1) for |C| = 3. Moreover, since G′ is complete,
these triangles are the only cycles in G′ that are chord-
less, and therefore (9)–(12) are the only instances of (1)
that are facet-inducing for the cut polytope [4] regarding
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G′, i.e., irredundant. In other words, x̄ satisfies (1), and
is thus a feasible solution to the LP relaxation of (MC-
ILP) for G′ with x̄i j ∈ {0,1} for all {i, j} ∈ ET . Conse-
quently, Theorem 1 applies whence x̄i j ∈ {0,1} respec-
tively X̄i j ∈ {−1,1} also holds for all {i, j} ∈ E ′ \ET , i.e.,
the off-diagonal entries of X̄ encode the incidence vec-
tor of a cut in G′. We conclude that with X̄ii = 1 for all
{1, . . . ,n}, X̄ is thus a rank-1 matrix.

For readers familiar with the theory of semidefinite op-
timization, we complement the proof by a shorter version
that is based on a geometric argument and that shows in
addition that the presence of the triangle inequalities is
not even needed in the SDP case. Besides that, this re-
sult is stronger than a similar one in [25] (Theorem 4.3)
in the sense that the connectedness of the subgraph de-
fined by ±1-edges (as here established by the spanning
tree with a minimum number of edges) is sufficient to ob-
tain a rank-1 matrix, rather than that this subgraph was
required to be chordal.

The proof is as follows: Since X̄ is positive semidef-
inite, it can be decomposed as X̄ = UTU , i.e. it is the
Gram matrix of the column vectors u1, . . . ,un of U . As
X̄ has an all-ones diagonal, the vectors have unit length
and X̄i j = uT

i u j for any i, j ∈ {1, . . . ,n}. For each edge
{i, j} ∈ ET of the given spanning tree T , the inner product
uTi u j attains either the value −1 or 1, and thus the Cauchy-
Schwarz inequality is satisfied with equality. This means
that the vectors ui and u j must be equal or diametri-
cally opposed on the unit n-sphere. Now consider, for
every i, j ∈ {1, . . . ,n}, i ̸= j, the edges of the unique
path Pi j connecting i and j in the spanning tree. Since
X̄vw = uTv uw ∈ {−1,1} for all {v,w} ∈ Pi j, the vectors of
all the vertices in between i and j (if any) are equal or di-
ametrically opposed as well. Substitution along each Pi j
thus forces ui = ±u j and X̄i j = ±1 for every distinct pair
i, j. Consequently, there exists a vector s ∈ {−1,1}n such
that U = u1sT, i.e. u j = s ju1, and the initial decomposi-
tion can be made explicit: X̄ =UTU = s(uT

1 u1)sT = ssT.
Thus, we have rank(X̄) = 1, and s encodes the incidence
vector of a cut in G (or its completion).

4 Branching Rule Design
This section is devoted to the presentation of our novel
spanning-tree branching rule for the LP- and SDP-based
MaxCut formulations from Section 2. We start by giving

our conceptual motivation and key design ideas, before
providing the formal definitions of the ingredients used to
make the actual branching decisions. Then, we present
a precise description of the algorithmic steps to select a
branching variable from a given LP or SDP relaxation so-
lution, followed by a discussion of important implemen-
tation details and side aspects.

A common and simplistic viewpoint on the solution
of a relaxation which is particularly relevant for the de-
sign of branching rules is that it provides an indication on
“tendencies” in terms of value assignments in an optimum
integer feasible solution, and on the “degree of decided-
ness” with respect to the (two) actual options expressed
by a (binary) variable. A key idea behind our approach is
therefore to foster the construction of a feasible solution,
respectively of a spanning tree of binary edge variables,
dynamically and informed by the successively observed
relaxation solutions (rather than statically choosing such
a spanning tree to enforce upfront).

Conversely, an according spanning-tree branching rule
should also be designed to guide the generation of sub-
problems towards a reasonable expansion of intermediate
tree components (subgraphs with decided edge variables)
by additional (more structural) means than just interpret-
ing the relaxation solution. In this respect, a central in-
gredient for the original spanning-tree integrality proof
from [26] is the observation that the integrality of a non-
tree edge e = {i, j} ∈ E \ET is implied by the odd-cycle
inequalities that refer to the fundamental cycle in terms
of T that is closed by e. More precisely, let Pi j be the
set of edges on the unique path connecting i and j in T .
Then the odd-cycle inequalities (1) for C = Pi j ∪{e} im-
ply that xe = 0 if the number of partition changes on Pi j,
i.e., ∑ f∈Pi j x f where all summands are binary, is even, and
xe = 1 otherwise [26].

More generally, given Theorems 1 and 2, any branching
process for the formulations (MC-ILP) and (MC-ISDP)
can be thought of as growing a spanning forest of G re-
spectively G′. Specifically, at each subproblem, a certain
set of edges F that forms a subgraph (V,F) of G or G′

has been branched on. From the discussion in the previ-
ous paragraph, we further conclude that, in the presence
of odd-cycle respectively triangle inequalities, an edge
e = {i, j} ∈ E respectively e = {i, j} ∈ E ′ will not be a
branching candidate if F contains a path connecting i and
j, as then xe is already implied integral.
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A major design principle for our branching rule is
therefore to (greedily) expand the current forest F in a
way that supports to reach many edges whose associ-
ated variables are not implied integral yet or as a con-
sequence of the current expansion step, respectively to
reach many vertices after this expansion step which are
not yet matched by any edge in F . Thereby, we do not
truly “count” such edges but consider their “undecided-
ness” in the current relaxation solution as well as their
absolute weight, which is reflected in the weighted infea-
sibility measure defined below. Besides that, a few further
ingredients influence our branching candidate selection.

Formalization: To formalize this, we denote with
dF(v) the degree of v ∈ V w.r.t. the edge set F of
the current spanning forest (V,F), and with dE(v) the
degree of v with respect to G. Analogously, we
use δ (v) := δ ({v}) = {{v,w} : {v,w} ∈ E} as a short-
hand reference to the adjacent edges of v ∈ V . More-
over, we denote with cF(v) the connected component of
the subgraph (V,F) that contains v. The current solu-
tion of the LP (SDP) relaxation for which we make a
branching decision is referred to as x̄ (X̄). It naturally
defines the set of general branching candidates belong-
ing to E which we denote by Eb := {e ∈ E : 0 < x̄e < 1}
respectively Eb := {e ∈ E : −1 < X̄e < 1}. Based on
this, we finally define the (absolute) weighted infeasibility
ωe := |ce| ·( 1

2 −| 1
2 − x̄e|) respectively ωe := |Le| ·(1−|X̄e|)

of the variable associated with an edge e ∈ Eb that we use
as a local estimate of the impact on the objective when the
variable would be set to its closer bound.

We are now ready to describe the main principles of
our spanning-tree branching rule while we will discuss
further implementation details afterwards.

Initialization: At the beginning (dF(v) = 0 for all
v ∈ V ), we first determine a vertex u ∈ V whose adja-
cent edges have the largest total weighted infeasibility,
i.e., u := argmax{w ∈ V : ∑e∈δ (w)∩Eb

ωe}. Then we pick
the edge {u,v} ∈ δ (u)∩Eb such that v has the largest total
weighted infeasibility ∑e=∈δ (v)∩Eb

ωe among the neigh-
bors of u in terms of δ (u) ∩ Eb. Clearly, these totals
tend to be larger if dE(u) and dE(v) are large, whence
this choice supports to gain many options for picking an
adjacent follow-up edge in general.

Expansion: We then proceed with expanding a current
forest edge set F ̸= /0 in three principal ways, one of which
will be chosen in each case as explained hereafter.

1. Expand a non-singleton connected component (tree)
of (V,F): Pick an edge {u,v} ∈ Eb such that
dF(u)> 0, dF(v) = 0, and such that the primary
score

∑
e={v,w}∈Eb:

dF (w)=0

ωe,

i.e. the total weighted infeasibility of all the edges in
δ (v)∩Eb whose other endpoint is not yet matched
by (V,F), is maximum. This is illustrated in Fig-
ure 1. If two edges have the same primary score, a
tie breaking applies. For {u,v}, the secondary score
is calculated as

∑
e={v,w}∈Eb:

w̸=u, cF (w)=cF (u)

ωe,

and thus captures the total weighted infeasibility of
all the edges adjacent to w that would be implied in-
tegral as a consequence of closing a cycle with the
tree path Pvw which results from branching on {u,v},
see again Figure 1. The decision is then made based
on a larger secondary score, and in case of another
tie, the edge encountered first is picked.

2. Initiate a new non-singleton component of (V,F) by
repeating the initialization step in a slightly adapted
way. More precisely, pick an edge {u,v} ∈ Eb such
that dF(u) = dF(v) = 0. Thereby, determine u and
v in the same fashion as in the initial step except for
that the sums over the ωe are only built over those
e = {i, j} where dF(i) = dF( j) = 0 holds in addi-
tion. A conceptual example regarding this expansion
strategy is illustrated in Figure 2.

3. Connect two non-singleton components of (V,F),
i.e., pick an edge {u,v} ∈ Eb such that dF(u)> 0 and
dF(v) > 01. We consider the primary score of such
edges to be zero, and take an edge {u,v} such that
the total weighted infeasibility of all edges between
cF(u) and cF(v) (secondary score) is as large as pos-
sible. Again, in case of a tie, the edge encountered
first is taken.

1In this case, we necessarily have cF (u) ̸= cF (v) as otherwise {u,v}
were implied integral and thus not in Eb.
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u

v

w1

w2 w3

w4

Figure 1: Expanding an example tree (solid edges) ac-
cording to the first strategy. The primary score of the
branching candidate {u,v} (dash-dotted) is determined
by the weighted infeasibilities associated with the dotted
edges to so-far unmatched neighbors of v. The secondary
(tiebreak) score is determined by the weighted infeasibil-
ities associated with the dashed edges to already matched
neighbors of v (including u). Only edges relevant in this
context are displayed while further ones could exist.

v1 v2
w1

w2

Figure 2: An example situation where the second ex-
pansion strategy is likely to apply. Here, the successive
expansion of the tree edges (solid black) has the con-
sequence that the gray solid edges are implied integral.
Moreover, the primary scores of the branching candidates
relevant for the first expansion strategy (dash-dotted) de-
pend on the weighted infeasibilities of only a single edge
– either on ωv1,w1 or on ωv2,w2 . At the same time, their
secondary scores depend on the weighted infeasibilities
of the respective other two dash-dotted edges incident
to v1 respectively v2. This reflects the already relatively
high level of implication around vertices that could be at-
tached to the tree, and increases the chance that the pri-
mary scores are lower than the secondary ones. If this
is true, the second expansion strategy will select one of
the dotted edges that have no endpoint matched by forest
edges so far. As opposed to Figure 1, it is here assumed
that only the displayed edges exist.

Selection: For every branching decision after initializa-
tion, first an incumbent edge according to the first expan-
sion strategy is derived (if any), to support the aforemen-
tioned major design principle. In cases where the con-
ditions of the first strategy do not apply or the provided
incumbent has a primary score that is smaller than its sec-
ondary one, the second expansion strategy is taken into
account and may override the incumbent edge if an edge
satisfying its conditions is found. In the seldom case that
neither the first nor the second strategy applies, the third
expansion rule finally provides an edge to branch on.

With the second option, we provide a mechanism to
“escape” from a successive local expansion of a non-
singleton tree component as performed by the first strat-
egy, respectively to enforce branching decisions in so
far undecided parts of the graph when this appears more
promising based on the scoring. In case of an incumbent
{u,v} stemming from the first expansion strategy, we con-
sider this to be true if the weighted total infeasibility of
v-adjacent edges implied integral (secondary score) has
become larger than the weighted total infeasibility of so
far unmatched v-adjacent edges (primary score). Thereby,
we consciously assign only a low priority to the third ex-
pansion strategy, i.e. the connection of two non-singleton
components of (V,F), because we expect the odd-cycle
(respectively triangle) inequalities involving edges of both
components to already have a relatively strong impact on
those that connect the two components.

Implementation details: Given the above descrip-
tion, an according algorithmic implementation of the
spanning-tree branching rule is immediate and well-
defined: Based on the available representation of the cur-
rent forest (V,F), select a branching variable from the
current set of Eb-candidates by means of the described
successive consideration of the three expansion strategies
while all the required weighted infeasibility values are
available from the current relaxation solution. Specifi-
cally, the if-then-else case distinction is thereby precisely
as follows: If the first strategy gives a candidate, then it
also has a primary and secondary score, and it is taken
if the primary score is at least as large as the secondary
score. If no candidate is returned or the primary score is
smaller than the secondary score, determine the best can-
didate according to the second strategy (if any). If still
no candidate is determined, retrieve it with the third strat-
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egy. However, depending on the problem representation
that is used, a few details have to be taken into account
in practice.

First of all, in a representation where only variables for
edges in E are present, as is customary especially for LP-
based approaches, our principle to branch only on original
edges is implicitly established. To achieve this also for
SDP relaxations, which usually act on a matrix X involv-
ing variables for any pair of vertices as discussed above,
one needs to admit only variables associated with non-
zero off-diagonal entries in the matrix L as branching can-
didates explicitly.

The implementation of the spanning-tree branching
rule is further straightforward if, at each subproblem of
the branch-and-bound procedure, a problem representa-
tion is available that provides access to all the original
variables that are fixed to a certain value. This applies in
particular to general purpose solvers and makes it possi-
ble in addition to consider edges as members of F whose
associated variable has obtained equal lower and upper
bounds by other means than branching, such as e.g. prop-
agation or bound tightening techniques. We follow this
principle in our implementation.

In more problem-specific representations of the branch-
and-bound procedure, which are particularly common for
SDP-based MaxCut solvers, subproblems are however of-
ten built by contracting the branching edge. The graph
and the Laplace matrix L considered in any subproblem
other than the root are thus not the original ones, and each
vertex represents a (possibly singleton) connected compo-
nent of the forest (V,F) while no F-edge is ever present.

During contraction, the edges incident to vertices that
are adjacent to both endpoints of the branching edge are
bundled into one, and the weight of that remaining edge is
updated by a (signed) aggregation of all the weights par-
ticipating in the contraction. Figure 3 shows both children
arising from an example subproblem. In the special case
where this aggregated weight is zero, as for {{u,v},w1}
in Figure 3(c), the separate weights of the bundled edges
thus cancel out for any cut that is compatible with the
current (partitioning of the) forest (V,F). According to
our principle of branching only on edge variables with a
non-zero L-entry, such variables will not be considered
as branching candidates even though their value might be
different from ±1. This is meaningful because such edges
have indeed no impact on the objective value. It is also

1
3 3

4 1
2

w3

u

w1

w2

v

w4

(a) Subproblem before branching on {u,v}.
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(b) Child subproblem obtained
by setting Xuv = 1, i.e. exclud-
ing {u,v} from the cut.

1

−2

0

3

w3

u

w1

w2

v

w4

(c) Child subproblem obtained
by setting Xuv = −1, i.e. in-
cluding {u,v} into the cut.

Figure 3: Contracting the branching edge {u,v} (dash-
dotted) into the two child subproblems, in which u and v
are meld into one component of the forest (V,F) (shaded).
In (c), the signs of the edges incident to v are flipped
(upon adding a constant to the objective), before contract-
ing {u,v} under the removal of v. Since w1 and w2 are
adjacent to both endpoints, each respective pair of edges
is bundled into a single one whose weight is the signed
aggregation Luwi + Lvwi in (b) and Luwi − Lvwi in (c) for
i = 1,2, whereas the edges to w3 and w4 and their weights
are inherited. In (c), the aggregated weight of {{u,v},w1}
vanishes, so the separate weights cancel out for every cut
compatible with (V,F) and the corresponding L-entry is
zero. The associated variable is hence not considered as
a branching candidate even though it may be undecided.
Only edges relevant for the displayed contraction opera-
tions are displayed while further ones could exist.

feasible because, in the only critical and hypothetical case
where L is zero in all off-diagonal entries and the primal
bound is not large enough to cut off the current subprob-
lem, branching on any variable X̄i j ̸=±1 is fine to succes-
sively produce a feasible solution of precisely the current
relaxation’s objective value. Therefore, we then just re-
sort to branching on a most undecided variable.

7



Finally, while the primary score used for the first ex-
pansion rule is unaffected by contractions, as only edges
between singleton connected components count towards
it, they require an adaption of the secondary score com-
putation. More precisely, the contractions have the conse-
quence that the edges that would be implied integral when
branching on an edge e ∈ Eb, i.e. those relevant for the
secondary score, have already been bundled into e itself.
Therefore, the secondary score of a branching candidate e
then corresponds to, and is in our implementation consid-
ered to be, the weighted infeasibility ωe of e alone.

Experiments with variations: We also experimented
with variants of our branching rule. In particular, we
tested the effect of using the weighted infeasibility of only
the branching candidate itself as the secondary score for
the LP-based setting. Moreover, we tried to use the un-
weighted infeasibility instead for the calculation of the
primary scores. However, this did not lead to better re-
sults for the diverse set of instances considered for our
computational experiments in Section 5. Rather, the first
expansion strategy and the presented primary score turned
out to be the dominant ingredients for the sustained per-
formance.

Connections to other branching rules: We close
this section by briefly highlighting that our branching
rule integrates aspects of common general as well as
problem-specific ones. For instance, the weighted infea-
sibility scoring and the expansion towards vertices with
many unmatched neighbors resembles typical (weighted)
“most infeasible” respectively “most undecided” strate-
gies. Since a high primary score for edges {u,v} as con-
sidered in the first expansion strategy is more likely in
case of a high value dE(v)−dF(v), there is also some re-
lation to the degree-dynamic rule mentioned in Section 2.
Even more, fixing a node variable can be seen as fixing the
edge variable to a predetermined reference vertex that is
adjacent to all other vertices and thus induces a star-type
spanning tree [10]. Whereas degree-dynamic then tends
to fix a node variable of large undecided vertex degree,
our rule tends to fix an edge variable that newly connects
a vertex of high degree to a connected component (tree)
of the forest.

5 Computational Experiments

To demonstrate the practical effect of our new rule, we
conduct a computational study that closely follows the
one in [10], where the degree-dynamic rule was intro-
duced, but that also integrates experiments with SDP re-
laxations. Overall, we evaluate our branching rule as de-
signed in Section 4 against the standard and problem-
specific rules used in related work as addressed in Sec-
tion 2 and taken up below.

5.1 Experimental Setup
The experimental setup has a few LP- and SDP-specific
aspects that we describe first while it is kept as uniform as
possible apart from these.

LP-specific Setup: We implemented our spanning-tree
branching rule using the online2 available code used in
[10], which also provides the degree-dynamic rule applied
to the formulation (RE) with node variables from [10]
as well as the state-of-the-art branching rules reliabil-
ity pseudocost branching (scip-default) and pseudocost
branching (scip-pseudocost) against all of which we com-
pare. It is written in C++20 and compiled with GCC 11.4,
linking to NetworKit 10.1 [2] for graph representation,
and to SCIP 10.0.1 [19] as the MIP-solver combined with
the commercial LP-solver CPLEX 22.1.2 [20]. Naturally,
due to the more recent software versions and the differ-
ent hardware (see below), the results slightly deviate from
those in [10]. Apart from this, we precisely adopt the
setup from this reference. In particular, the odd-cycle in-
equalities (1) are not all present from the beginning but
added (separated) iteratively if violated by the current re-
laxation solved in a subproblem of the branch-and-bound
procedure. Moreover, the general purpose presolve as
well as separation and conflict analysis components of
SCIP are turned off, further isolating the performance im-
pact of the branching rules.

SDP-specific Setup: Here, we implemented the pro-
posed branching rule in an early Julia implementation3 of

2https://github.com/CharJon/ScientificMaxcutSolver
3This preliminary BiqMac implementation is not yet runtime opti-

mized. Therefore, the reported CPU times are not compatible with other
publications of BiqMac, and only viable as a coarse indicator of relative
performance. In the present context, this is negligible, as all competing
SDP-based branching rules are implemented under the same conditions.
Moreover, the number of branch-and-bound subproblems is accurate.
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BiqMac [28], with the adaptions for a contraction-based
generation of subproblems as described in the implemen-
tation details in Section 4. The code is executed with Ju-
lia 1.12.5 and uses OpenBLAS 0.3.29 for linear algebra
computations, which we explicitly restricted to a single
thread. BiqMac solves the SDP relaxation discussed in
Section 2, enriched with triangle inequalities, using a dual
bounding procedure. Again, the triangle inequalities are
thereby taken into account in an iterative manner if vi-
olated by the current relaxation solved in a subproblem
of the branch-and-bound procedure [28] and we do not
apply any preprocessing. By the default, the solver uses
the “most infeasible” branching rule, called R3 in [28],
which is standard also in other SDP-based solvers (see
Section 2). It further provides the “easiest first” branching
rule, called R2 in [28]. We compare our rule to both R2
and R3, which were first experimentally evaluated in [18].

Instance Selection: For our experiments we consider a
broad set of instances (obtained from [7]) varying in size,
density, and weight distribution, comprising instances
stemming from native QUBO as well as native Max-
Cut problems, and building in particular a strict super-
set of the ones used in [10]. Each of the according in-
stance classes is detailed below and consists of 10 dis-
tinct instances. For the LP-based experiments, we slightly
extend the instance selection of [10]. This earlier se-
lection contains the QUBO instance classes be250 and
be120.3 generated by Billionnet and Elloumi [6], whose
respective original matrices have n = 250 with density
0.1 and n = 120 with density 0.3, each taking integer
values in [−100,100] on the diagonal and [−50,50] on
the off-diagonal entries. It further contains the QUBO
instance class bqp250 generated by Beasley [5], where
the original matrices have n = 250 and density 0.1 tak-
ing integer values in [−100,100]. As native MaxCut in-
stance classes, the (Erdös-Renyi-Gilbert) random graphs
pm1s with |V | = 100, edge weights ±1 and density 0.1
are included. To add more variation in the magnitude
of the edge weights, we further append the instance set
w01 to our selection, which differs from the previous
class in having integer edge weights in [−10,10]. For
the SDP-based experiments, we then further complement
our selection by medium-sized instance classes with den-
sity at least 0.5, as these are well-known to be more
routinely solved with SDP- rather than LP-based meth-
ods. Specifically, we add be120.8 from [6], which differs

from be120.3 in having density 0.8, the class g05 of un-
weighted random graphs with |V | = 100 and density 0.5
and pm1d, which differs from pm1s in having density
about 0.99.

Performance Metrics: Like in [10], we run each
solver configuration three times using different random
seeds, and then each run is treated as a separate data point
in order to mitigate the effects of performance variabil-
ity [24]. Then, the experimental results are aggregated
per branching rule and instance class, as well as over all
runs. For each rule, we report statistics on the CPU times
in seconds as well as on the number of branch-and-bound
subproblems, each summarized by the arithmetic mean,
the median, the standard deviation (std), maximum, and
shifted geometric mean (sgm). The latter is computed
with a shift of 1s for the CPU times and unshifted for
the number of branch-and-bound subproblems. Runs that
reach the time limit count towards the CPU times statis-
tics with the time limit itself, but are penalized for the
branch-and-bound subproblem statistics regarding mean,
median, std and sgm. More precisely, if no rule solves
such a run, it is excluded from the statistics. Otherwise,
if a run reaches the time limit, the corresponding num-
ber of branch-and-bound subproblems is replaced by the
largest number of branch-and-bound subproblems among
all the rules that solved this run within the time limit re-
garding the mentioned metrics. This yields more mean-
ingful statistics, as it does not reward “fewer subproblems
at the occurrence of a timeout”, albeit deviating from [10].
Finally, the number of wins and timeouts are displayed,
where a run is counted as a win for every rule reaching
the minimum CPU time / number of branch-and-bound
subproblems, as in [10].

Primal Heuristics & Solutions: All primal heuristics
are turned off, and an optimum solution is passed as an
incumbent to the root problem instead. This isolates the
effects of the branching rule from those of subproblem se-
lection as well as the effectiveness of the primal heuristic,
see e.g. [12, 22], and again complies with [10].

Hardware & Operating System: The computational
experiments are conducted on a machine equipped with
an Intel Xeon E-2386G CPU with 3.50GHz, and 128 GB
RAM running Ubuntu 22.04. All experiments are run
single-threaded.
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cpu time [s] #branch-and-bound subproblems

type setting mean median std max sgm wins timeouts mean median std max sgm wins

be
12

0.
3 degree-dynamic 66.51 34.20 104.77 372.35 34.38 8 0 112.87 47.00 206.43 721 39.33 3

scip-default 116.73 68.51 155.77 617.18 66.29 3 0 110.07 29.00 240.24 907 28.94 19
E-spanning-tree 62.45 29.49 104.12 369.91 31.53 19 0 88.60 35.00 170.24 589 29.66 15
E-scip-default 200.90 86.35 343.04 1380.56 89.35 0 0 185.73 70.00 365.04 1423 53.28 3
E-scip-pseudocost 543.47 164.41 1052.57 3600.00 140.50 0 2 789.43 243.00 1528.61 5463 158.76 3

be
25

0

degree-dynamic 840.53 411.34 1103.55 3600.00 343.26 8 3 399.07 289.00 460.62 1447 189.52 2
scip-default 1091.11 596.19 1207.40 3600.00 569.90 3 3 419.00 193.00 583.57 2009 163.16 9
E-spanning-tree 808.15 353.71 1132.51 3600.00 301.40 25 3 317.30 203.00 424.92 1407 137.69 17
E-scip-default 1506.93 949.56 1448.58 3600.00 750.77 3 7 577.37 275.00 630.29 1719 254.47 0
E-scip-pseudocost 2385.57 3502.33 1517.69 3600.00 1443.17 3 15 1472.44 1993.00 983.86 2543 875.41 0

bq
p2

50

degree-dynamic 1335.60 485.19 1550.05 3600.00 433.88 9 9 261.86 101.00 337.22 985 109.57 0
scip-default 1438.72 769.87 1495.19 3600.00 645.59 9 9 216.90 87.00 267.69 745 78.68 12
E-spanning-tree 1264.91 358.44 1572.85 3600.00 371.53 30 9 159.86 73.00 185.50 565 76.22 10
E-scip-default 1726.25 1098.35 1605.68 3600.00 769.53 9 11 369.33 99.00 527.70 1596 126.76 0
E-scip-pseudocost 2232.02 3600.00 1555.91 3600.00 1182.57 9 16 1040.10 729.00 896.74 2455 511.18 0

pm
1s

degree-dynamic 6.78 6.00 3.51 12.35 5.99 27 0 159.27 112.00 102.21 353 129.16 18
scip-default 15.84 14.28 5.49 25.65 15.02 0 0 189.93 102.00 159.21 503 132.75 12
E-spanning-tree 13.98 10.72 10.03 34.15 10.66 3 0 504.80 348.00 428.62 1339 319.55 0
E-scip-default 36.60 30.89 27.57 99.36 27.13 0 0 837.87 751.00 714.55 2235 477.79 0
E-scip-pseudocost 73.49 56.30 74.57 266.11 40.40 0 0 2831.00 2137.00 2897.99 10579 1458.24 0

w
01

degree-dynamic 2.43 2.09 1.57 6.95 2.19 26 0 64.93 54.00 37.74 175 58.09 6
scip-default 8.35 8.46 1.70 11.91 8.19 0 0 53.40 51.00 32.38 159 44.34 27
E-spanning-tree 3.19 2.45 2.68 10.94 2.71 4 0 114.73 67.00 142.68 545 82.49 0
E-scip-default 8.60 6.58 6.37 33.76 7.51 0 0 143.93 63.00 251.89 1179 81.51 1
E-scip-pseudocost 10.79 4.43 19.92 94.27 5.55 0 0 503.80 112.00 1078.47 5109 182.12 0

To
ta

l

degree-dynamic 450.37 29.44 1002.45 3600.00 40.16 78 12 191.20 74.00 287.64 1447 88.13 29
scip-default 534.15 66.94 1046.72 3600.00 80.78 15 12 191.81 57.00 329.89 2009 72.22 79
E-spanning-tree 430.54 28.60 1000.56 3600.00 42.66 81 12 240.35 72.00 338.52 1407 96.82 42
E-scip-default 695.86 86.35 1229.40 3600.00 103.62 12 18 422.98 96.00 581.35 2235 145.86 4
E-scip-pseudocost 1049.07 121.36 1495.94 3600.00 144.67 12 33 1342.93 489.00 1882.34 10579 441.99 3

Table 1: Aggregated ILP-branching rule results per instance class. Each instance was run three times and the time
limit was 3600 s. Maintaining compatibility with [10] we prefix branching rules on the edge model with E.

5.2 LP-based Branching Results
For the edge-based formulation (MC-ILP), we com-
pare our novel rule to SCIP’s pseudocost branching
(scip-pseudocost) and reliability pseudocost branching
(scip-default). In addition, we include the problem-
specific rule degree-dynamic which operates on the (RE)
model from [10] that employs and branches on variables
which are technically node variables. Hence, comparing
spanning-tree with degree-dynamic does not only refer to
different branching rules but also to different MaxCut for-
mulations. From now on, we thus adopt from [10] the
addition of a prefix E whenever we refer to a branching
rule with respect to (MC-ILP), including E-spanning-tree
for our new rule, while no prefix means that the rule is
applied to the (RE) model.

A summary of our results is displayed in Table 1. In
total, our branching rule E-spanning-tree performs best
regarding several metrics with respect to CPU time, and it
achieves the most wins and a minimum number of time-
outs. Moreover, it is also the clear overall winner when
compared to the other E-rules. Across models, degree-
dynamic and scip-default partly reach better results for
some of the statistics such as the mean, median, and
shifted geometric mean values in terms of branch-and-
bound subproblems, and the shifted geometric mean (only
degree-dynamic) running time, whereas E-spanning-tree
reaches the best values otherwise.

A well differentiated picture is visible on the instance
class level. For the QUBO instances (be120.3, be250,
bqp250), E-spanning-tree outperforms the problem-

10



specific rule degree-dynamic in mean, median and shifted
geometric mean runtime, the latter by up to 14%, and
achieves by far the most wins. Among all rules, E-
spanning-tree here leads to the fewest branch-and-bound
subproblems in the metrics mean and max. For the na-
tive MaxCut instances (pm1s, w01), a strong impact of
the underlying model on the mean number of branch-and-
bound subproblems is clearly visible. Here, both rules
based on the (RE) model need fewer of them than the E-
models, and particularly scip-default needs significantly
fewer than E-scip-default. In terms of running time,
degree-dynamic outperforms E-spanning-tree in absolute
terms on these instances, but the relative runtime improve-
ment of these problem-specific rules to the respective gen-
eral purpose rule scip-default and E-scip-default is com-
parable. Regarding the number of branch-and-bound sub-
problems, however, E-spanning-tree reduces this number
considerably further than degree-dynamic does, namely
by about 40% instead of 16% on pm1s, when compared
to E-scip-default respectively scip-default. Notably for
w01, the mean number of subproblems even increases by
about 22% in degree-dynamic w.r.t. scip-default, whereas
it decreases by about 20% in E-spanning-tree w.r.t. E-
scip-default.

As far as robustness is concerned, we report that E-
spanning-tree never times out on instances that can be
solved by any of the other considered branching rules,
independent of the underlying model. Finally, we re-
port that the apparent superiority of degree-dynamic, re-
spectively the underlying (RE) model, for ±1-weighted
instances such as pm1s also persists when compared
to E-spanning-tree for accordingly weighted toroidal 2D
square-grid graph instances as used in [10] as a showcase.
Indeed, these instances can also be solved well with the
generic scip-default rule on the (RE) model.

5.3 SDP-based Branching Results
In contrast to the LP-based experiments, all the three
SDP-based rules spanning-tree, R2-easiest-first and R3-
most-infeasible operate on the same underlying model,
which is the SDP relaxation of (MC-ISDP) enriched with
triangle inequalities as displayed in Section 2.

A summary of our results is described in Table 2. In
total, spanning-tree is superior to both its competitors in
almost every metric. It attains by far the most wins and

greatly reduces the mean, median and shifted geometric
mean for both CPU times and branch-and-bound subprob-
lems. Compared to the current standard branching rule
R3-most-infeasible, our new rule spanning-tree reduces
the number of timeouts from 21 to 3. Furthermore, the
number of branch-and-bound subproblems is reduced in
the majority of the instances. Especially for the QUBO in-
stances, spanning-tree is the best rule in essentially every
metric and its advantage grows with the size of the con-
sidered instances, with the largest margins for be250 and
bqp250. For the native MaxCut instances pm1s and w01,
both the mean CPU time and the mean number of branch-
and-bound subproblems is roughly halved with spanning-
tree compared to the best competing rule, whereas on g05
and pm1d, spanning-tree is outperformed by R2-easiest-
first. Notably, for g05, the number of branch-and-bound
subproblems of spanning-tree exceeds that of R2-easiest-
first by only about 7% but the runtime is about 38%
higher. Following [18], a possible explanation lies in the
long chains that R2-easiest-first creates in the branch-and-
bound tree due to the distinct strategy of postponing dif-
ficult decisions. Hence, a large share of the branch-and-
bound subproblems solved by R2-easiest-first reside deep
in the branch-and-bound tree and, since every contraction
shrinks the subproblem, are cheaper to solve than those
of a more balanced branch-and-bound tree of similar size.
Finally, as far as robustness is concerned, spanning-tree
only times out on instances that also no other branching
rule can solve within the time limit.

6 Conclusion

In this paper, we first extended a recent result on lin-
ear programming formulations for MaxCut to the domain
of semidefinite programming formulations for MaxCut,
and thus to the rich class of binary quadratic optimization
problems which are modeled by appending further con-
straints to these: Enforcing integrality on the variables as-
sociated with the edges of a spanning tree is sufficient to
obtain an overall consistent integer solution (i.e., the inci-
dence vector of a cut).

Based on this theory, we have then devised a new
spanning-tree branching rule that is explicitly designed
to grow a spanning forest in terms of either problem
representation, taking further common measures such
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cpu time [s] #branch-and-bound subproblems

type setting mean median std max sgm wins timeouts mean median std max sgm wins

be
12

0.
3 R2-easiest-first 64.15 60.78 52.52 163.63 34.33 1 0 39.20 31.00 39.70 131 14.54 9

R3-most-infeasible 15.94 9.11 16.03 59.30 10.98 12 0 5.20 3.00 5.34 19 3.32 21
spanning-tree 12.12 9.68 8.76 33.62 9.77 17 0 3.80 3.00 2.91 11 2.86 30

be
12

0.
8 R2-easiest-first 165.82 169.31 27.99 202.17 163.36 3 0 129.00 141.00 35.48 165 123.32 0

R3-most-infeasible 167.63 104.07 147.40 507.15 114.11 2 0 54.40 34.00 50.49 167 35.65 3
spanning-tree 96.13 69.16 75.69 260.25 72.17 25 0 30.00 20.00 25.25 87 21.73 30

be
25

0 R2-easiest-first 2079.80 2213.66 292.86 2310.96 2055.73 0 0 256.80 280.00 71.35 377 244.67 0
R3-most-infeasible 1953.18 1551.10 1291.98 3600.00 1441.84 0 9 134.00 71.00 127.54 162 78.52 0
spanning-tree 796.60 790.17 440.02 1483.45 630.55 30 0 36.00 36.00 20.04 69 28.36 30

bq
p2

50 R2-easiest-first 2253.93 2129.43 471.87 3600.00 2216.93 3 3 249.00 257.00 35.57 289 246.38 0
R3-most-infeasible 1503.91 1255.35 1150.01 3600.00 1145.78 3 6 69.44 53.00 78.26 163 47.13 0
spanning-tree 896.39 532.80 975.41 3600.00 626.58 30 3 27.00 23.00 16.33 67 23.29 27

g0
5 R2-easiest-first 512.73 260.32 707.85 2466.20 273.06 30 0 630.00 305.00 931.15 3231 311.44 30

R3-most-infeasible 1138.99 684.82 1208.98 3600.00 656.69 0 3 1050.40 603.00 1155.25 3155 570.15 0
spanning-tree 711.84 357.94 915.95 3232.12 411.49 0 0 677.00 318.00 932.08 3245 359.09 3

pm
1s R2-easiest-first 37.43 17.45 35.21 100.54 21.22 0 0 26.60 11.00 26.13 73 13.29 3

R3-most-infeasible 46.68 12.76 57.79 173.24 20.24 2 0 26.60 6.00 34.37 103 10.17 15
spanning-tree 21.48 11.67 19.86 56.33 13.25 28 0 12.40 6.00 11.76 33 7.15 30

pm
1d R2-easiest-first 511.38 259.17 454.03 1478.10 335.39 27 0 603.80 285.00 559.10 1815 382.12 24

R3-most-infeasible 1396.41 660.96 1324.57 3600.00 758.41 0 3 1286.20 591.00 1237.08 3539 661.90 0
spanning-tree 894.86 518.28 777.12 2491.28 554.33 3 0 843.60 472.00 762.32 2407 490.51 6

w
01

R2-easiest-first 24.22 11.06 34.74 119.78 10.21 3 0 17.80 7.00 25.65 87 5.75 15
R3-most-infeasible 20.03 5.59 42.79 145.73 6.74 9 0 11.60 3.00 26.35 89 3.19 21
spanning-tree 8.43 5.85 10.99 39.72 5.27 18 0 4.80 3.00 6.40 23 2.76 24

To
ta

l R2-easiest-first 706.18 164.42 934.80 3600.00 166.11 67 3 243.96 131.00 448.53 3231 73.71 81
R3-most-infeasible 780.35 207.55 1148.61 3600.00 143.23 28 21 333.03 39.00 773.15 3539 38.91 60
spanning-tree 429.73 121.73 689.36 3600.00 93.57 151 3 206.57 23.00 533.49 3245 24.82 180

Table 2: Aggregated SDP-branching rule results per instance class. Each instance was run three times and the time
limit was 3600 s.

as (objective-weighted) infeasibilities of variables into
account. Thereby, we also addressed implementation-
specific details such as contractions, as these are
frequently employed in branch-and-bound frameworks
for MaxCut.

In an experimental study, we compared our spanning-
tree rule against state-of-the-art generic as well as
problem-specific competitors for both linear and semidef-
inite programming formulations on a broad set of estab-
lished problem instances.

Our results show significant improvements in the re-
quired solution time and the number of branch-and-bound
subproblems until proven optimality over standard and
previously proposed branching rules used in state-of-the-
art solvers, such as e.g. reliability pseudocost branching

for linear programming and the most-infeasible branch-
ing rule for semidefinite programming.

The spanning-tree rule achieves a particularly clear ad-
vancement on the state-of-the-art rule for semidefinite
programming, as well as a clear advancement on the pre-
viously best-performing edge-based branching rules for
linear programming. The comparison to branching rules
for node variables in linear programming is more nu-
anced. Here, spanning-tree achieves superior results for
several instance classes and metrics again while degree-
dynamic maintains an advantage on others. The over-
all runtime performance of spanning-tree and degree-
dynamic is comparable. However, looking at the rela-
tive performance when compared to the respective (best)
generic rule, spanning-tree reduces the number of branch-
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and-bound subproblems considerably further than degree-
dynamic does. Thus, also from this perspective, spanning-
tree is a significant step ahead for purely edge-based
branching, and an attractive alternative in general given
its robustness across both relaxation approaches.

A future research direction in order to possibly even
further improve the effectiveness of problem-specific
edge-based branching rules such as spanning-tree is a rig-
orous analysis of concrete situations where branching on
node variables can so far still lead to a better course of
branching decisions. Our results suggest that particularly
the pm1s instances could be an interesting class to study.
Given the relations mentioned at the end of Section 4, it
may then be possible to use respective insights in order
to adjust the spanning-tree rule such that it almost resem-
bles the behavior of degree-dynamic in according situa-
tions. A major challenge and open research question is
whether this is possible without counteracting the here
sustained robustness of spanning-tree across a broader set
of instance classes.
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